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Abstract 
The growing popularity of the electrical arc furnace in metallurgical industries causes 
significant impact on power grids, transient stability and quality of power supply. Being 
non-linear in nature, arc furnaces produce harmonics and inter-harmonics of arc voltage 
and current in electrical networks. Moreover, due to random load variation, the 
phenomenon of voltage fluctuation is found during arc furnace operation. Therefore, it is 
important to model the random behaviour of the arc furnace. The aims of this thesis are to 
investigate the applicability of the conventional and "black box" modelling techniques in 
modelling the response of an arc furnace. Conventional modelling approaches are used to 
obtain the instantaneous voltage and current wave forms of the arc furnace, while black 
box modelling approaches such as artificial neural networks (ANN) and adaptive neuro-
fuzzy inference system (ANFIS), are used to capture the random and time varying pattern 
of arc furnace power consumption which is due to random changes of the bus voltage. The 
ANFIS model is also used for predicting the bus voltage of the arc furnace. To evaluate 
the performance ofllie proposed models, several case studies are presented and outputs of 
the proposed models are compared with the actual data recorded on a metallurgical plant. 
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Introduction 
In last few decades, the use of the Electric Arc Furnace (EAF) to produce 
steel in the metallurgical industries has grown significantly since its first 
operation in the 1900s. Currently EAF is the second most important means of 
steel production next to the blast furnace/ basic oxygen furnace. In 2006, about 
32% of steel was produced worldwide using EAF [I]. 
An EAF is a reactor used in the steel processing industries to charge the 
scraps, direct-reduced-iron (DIR) and other raw materials along with the lime 
and fluxes by means of both electrical and chemical energy. The heat is 
generated by the current passing through the electrode and by the radial energy 
evolved from the electrode [2]. The other form of energy is the chemical energy 
that is generated as a result of combustion and the oxidizing reaction during 
operation. The normal operation of the arc furnace can be divided ·into two 
stages, one is the meltdown stage and the other is the refining stage. In the 
meltdown stage, the raw materials are melted. In the refining stage, the melted 
materials are separated into slag and metals. The arc furnace ranges in size from 
small units of approximately one ton up to approximately about 400 ton. The arc 
furnace used in the research laboratory and by the dentists is only about few 
dozen grams in capacity [2]. 
The arc furnace can be categorised in two groups based on the type of the 
current they consume. The first is the alternating current (ac) arc furnace and the 
second is the direct current (de) arc furnace. In the ac arc furnace, the three phase 
alternative current passes through the electrodes to the charge materials and from 
electrode to electrode. On the other hand, in case of the de arc furnace, the direct 
current passes through the electrode to the charge materials. The electrode of the 
arc furnace is round in section and typically in segments with threaded couplings. 
They are automatically raised or lowered by a positioning system using either the 
electric winch hoist or hydraulic cylinders. 
Due to random movements of the melting materials and .random changes 
in the arc electrode length during operation, the power consumption of the arc 
furnace is random and time-varying, and hence the arc current is non-sinusoidal. 
Consequently, the voltage-current (v-i) relationship of the arc furnace is complex 
and highly non-linear. Fig. 1 shows how the real power varies with the variation 
1 
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in bus voltage of th~ _. electric arc furnace. Each point of Fig. 1 represents the 
voltage magnitude and the power consumption of the arc furnace in different 
time. From Fig. 1, it is apparent that the relationship between the arc voltage and 
the arc power is random, which is difficult to model explicitly using 
mathematical equations. In addition to that, during melting period, scraps create a 
condition similar to a short circuit from the secondary side of the arc furnace 
transformer which causes a large current flow into the arc furnace. This causes 
large fluctuations in voltage. Also when the voltage drops due to a flicker, the 
EAF current rises for the operating power level to meet the production output. 
This has an adverse effect on the expected life of the arc electrode. 
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Figure 1. Arc furnace power vs arc furnace voltage. 
Owing to inherent complexities and non-linearity, it 1s difficult to 
represent the arc furnace behavior using conventional methods. However, an 
accurate model of the arc furnace is essential from the view point of industry 
planners and operators. An accurate model is useful for pre-installation analysis 
as well as for post installation analysis such as short circuit analysis, transient 
over voltage analysis, or events such as loss of the generation unit or 
transmission line. In addition, it helps system operators to control the arc furnace. 
Furthermore, using an accurate model, plant planners or operators can identify 
2 
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·' ·any inadequacies of the·pl~(:that would· help them._make decisi.on-'f9r :future 
expansion or modification of the existing plant. And finally, an accurate model 
helps system operators to .optimize production. 
Due to its inherent complexity and randomness, a mathematical 
representation of the arc furnace is a challenging task. However, a number of 
deterministic and stochastfo approaches are proposed to model an arc furnace. 
These approaches are as follows: 
• representing the arc furnace as a time domain control voltage source. 
This approach is based on the piece-wise linear approximation of the 
voltage-current (v-i) characteristics of the arc furnace, 
• representing the relationship between arc voltage and arc electrode 
length, 
• representing the arc furnace as a time varying resistance, and 
• stochastic process. 
However, in most cases, simplified assumptions are used and as a result, a 
model often fails to capture the significant features of the arc furnace. 
Considering the non-linear relationship between the arc voltage and the arc 
current and lack of knowledge associated with the process dynamic of an arc 
furnace, artificial intelligence techniques can be applied to extract nonlinear 
relationships between the input and the output pattern of arc furnaces. In recent 
years, AI techniques such as neural networks have been used for modelling a 
system where the mathematical models do not exist ot are ill-defined. They have 
also been used successfully in systems that involve complex, multi-variable 
processes with time-varying parameters [3, 4]. 
The main objective of this research is to develop a reliable model of an 
arc furnace. In this thesis, "black-box" models using artificial neural networks 
(ANN) and fuzzy inference systems (FIS) are proposed to represent the arc 
furnace responses. The main advantages of the black-box modelling techniques 
are their capability of finding the complex, non-linear relationship between the 
input and output data, and hence predicting the system behaviours. The 
advantage of neural networks is their adaptive learning capability that enables 
them to improve their performance relatively quickly. On the other hand, fuzzy 
3 
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. . . . . Jogic 'is capable of li~dling-the non-linear input/output. relationship using a. set of . : 
if-then rules: In this study, Multi layer perceptron (MLP) and adaptive neuro-
fuzzy inference system (ANFIS) are used to predict the arc furnace responses. 
These models are tested and validated using recorded data from a metallurgical 
plant in northern Tasmania. The plant is currently operating four arc furnaces for 
the production of ferromanganese and silica manganese. 
The thesis contains· 4 chapters. Chapter 1 investigates electricaJ load 
modelling techniques, the challenges of load modelling and its application to 
model an arc furnace, and the relative advantages and usefulness of load 
modelling. Chapter 2 outlines component based approaches to modelling an arc 
furnace. A number of an arc furnace models is discussed in this chapter. In 
Chapter 3, a detailed study of the computation intelligent techniques and their 
application in modelling the arc furnace responses is presented. In Chapter 4, 
several case studies are provided to evaluate the application of the proposed arc 
furnace models. Finally a conclusion and future work recommendations are 
presented. 
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Chapter 1: Load Modelling Techniques 
Chapter 1: Load Modelling Techniques 
1.1 Introduction 
The main objective of this chapter is to investigate the behaviour of an arc 
furnace as a 'load'. A load can be defined as a device or a set of devices that 
consumes power from the load bus [9]. In an industrial plant, the continuous 
variation in the magnitude and the frequency of the voltage in the load bus due to a 
small or large disturbance can have a significant impact on the power consumption 
(both active and reactive) of the load connected to the bus. A small disturbance is 
described as the continuous change of load in the load bus, and the operation of an 
on load tap changing (OLTC) transformer [5]. On the other hand, large disturbances 
are severe in nature which are caused by a short-circuit of the transmission line, or 
loss of a large generator, or transmission line of the system [5]. However, each load 
reacts differently according to its load characteristics because of the variation in bus 
voltage. Load characteristics can be defmed as a set of parameters that characterises 
the behaviour of the load. A set of parameters such as power factor, variation of 
power with the change of voltage, and so on are examples of the load characteristic. 
Based on the load characteristics, loads can be classified in different categories [5, 6, 
8, 9]. 
• Loads with 'fast dynamic' with electrical and mechanical characteristics 
such as induction motors play an important role in power systems as they 
consume approximately 60% to 70% of the to~al power supplied by the 
power generation unit. These loads require nearly constant torque at all 
speeds. As a result of voltage variation, the power consumption of motor 
loads varies momentarily but, they try to restore the operating power after 
a certain transient period to keep the constant torque. 
• Discharge lighting loads exhibit significant discontinuities m under 
voltage conditions. Discharge lights such as mercury vapour, sodium 
vapour, and fluorescent lamps normally extinguish below a certain 
5 
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voltage level and they restart again when the voltage recovers. They 
extinguish in the range of 0. 7 pu to 0.8 pu of the operating voltage. 
• Thermostatic control loads such as water heaters, ovens, electric heaters, 
and boilers behave similarly to a constant resistance load. Right after a 
voltage drop, the possible variation of input power of these devices has 
little effect on temperature. When the voltage drop occurs, the heat 
production_ decreases, and the 'on cycle' of the thermostat is prolonged in 
order to recover the desired temperature level. Therefore, during low 
voltage conditions, it takes more time to increase the temperature to a 
desired level. On the other hand, these loads are not affected by the 
voltage variation if they are on the 'off cycle'. 
• Response of on load tap changers (OLTC) on distribution transformers, 
voltage regulators, and voltage controlled capacitors plays an important 
role in the load restoration process. Although these devices are not load 
components, they are seen from the transmission system as a part of the 
load component. After a disturbance, while they restore the voltage level 
of the sub-transmission and distribution system to the pre-disturbance 
value, they affect the status of the voltage sensitive loads. The control 
action of this restoration process begins about one minute after voltage 
variation in the load bus and voltage restoration process is achieved in 2 
to 3 minutes. 
• Some industrial loads such as electric arc furnaces, rolling mills exhibit a 
complex response due to the change in bus voltage. 
However, in most cases including arc furnaces, a load bus is a composite bus 
which is the factorial composition of different load classes. A load class refers to the 
type of load such as industrial, residenti~l, and commercial which is often a 
combination of different load components such as air conditioners, lighting loads, 
heating loads, motor loads, and so on [5, 9]. A typical composite load bus containing 
the different load classes and combination is shown in the Fig. 1.1. 
6 
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• 
• 
Figure 1.1. Composite load bus. 
It is difficult to forecast the load behaviour for a number ofreasons (9] : 
• The large number of diverse loads connected to the same bus. 
• Uncertainties regarding certain load characteristics. For example, in the case 
of industrial loads such as electric arc furnaces, steel rolling mills, and other 
loads involving different process industries, the load response is highly 
random and time-varying. As a result, these loads cannot be modelled 
accurately using physical modelling approaches. 
• Ownership and location of load devices are not directly accessible to the 
electric utility. 
• Lack of precise information about the load composition. For example, the 
aggregated loads seen from bulk power delivery transformers are the most 
uncertain power system components, due to the uncertainty of the 
participation of individual loads. 
• Daily, weekly, and seasonal changes of load compositions on the same load 
bus. In the case of residential and commercial loads, during winter time, 
electric heating loads are used extensively, while during summer, air 
conditioning or electric cooling loads are often used. In the case of industrial 
7 
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loads, during weekdays, the load bus could be a combination of different 
industrial loads such as arc furnaces, motors, and so on which consume a 
large amount of power form the utility. However, during weekends and at 
night time, the industrial load bus could be a combination of lighting and 
heating loads. 
1.2 Load modelling 
A load model can be defmed as a mathematical representation of the 
relationship between the bus voltage (magnitude and frequency) and the power 
(active and reactive) consumption by the load or the current flowing into the load [9]. 
In general, a load can be modelled using two different approaches based on 
the load characteristics with respect to time. The first approach is based on a static 
load model and the second is on a dynamic load model. In the static model, the load 
response with the variation of voltage is considered as instantaneous. On the other 
hand, in the dynamic model, the load response is not instantaneous but is a function 
of time. Both static and dynamic load models can be implemented using two ways. 
One is the physical modelling approach and the other is the black box modelling 
approach. The physical model is based on the fundamental engineering knowledge 
about the physical phenomenon. The physical model is able to provide satisfactory 
results when it is simulated for a relatively simple system. However, in most 
practical cases, when the system is more complex, due to the difficulties in obtaining 
all the physical parameters that affect the system, it is often useful to use the 
empirical relationship between input and output characteristics of the system. When 
model is based on the empirical relationships, the model is called the measurement 
based model or empirical model or black-box model. Measurement based model is 
often applied to a complex system and it establishes the relationship between inputs 
and outputs based on measured data [6]. 
In this chapter, detailed studies of various static and dynamic load modelling 
approaches using either physical approach or measurement-based approach are 
presented. 
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1.3 Static Load Modelling 
.' · .Chapter I: Load Modelling Techniques · , 
Static load can be described as the relationship of the real and the reactive 
power flow in a load bus as a function of load bus voltage at any instant of time. 
Resistive and lighting loads are examples of the static load. Static load models can 
be classified into different categories [5-9, 10, 11]: 
• Constant impedance load model; 
• Constant current load model; 
• Constant power load model; 
• Polynomial load model; 
• Exponential load model. 
1.3.1 Constant Impedance Model 
Constant impedance model can be defined as a model where the load power 
is proportional to the square of the load voltage [9]. Mathematically, the constant 
impedance model can be defmed by the following equations [9]: 
P=P0(~f (1.1) 
(1.2) 
1.3.2 Constant Current Model 
Constant current model can be defmed as a model where the load power is 
directly proportional to the load voltage [9]. Mathematically, the constant current 
model can be defined by the following equations [9]: 
P=Po(~) (1.3) 
(1.4) 
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1.3.3 Constant Power Model 
Constant power model can be defined as a model where the load power is not 
a function of load voltage [9]. In case of the constant power model, the load power 
remains constant regardless any variation occurs in bus voltage. Mathematically, the 
constant power model can be defined by the following equations [9]: 
P=P0 (1.5) 
(1.6) 
In Eqs (1.1) - (1.6), P0 and Q0 are the pre-disturbance real and reactive 
power consumption by load bus, respectively; P and Q are the post-disturbance 
power real and reactive consumption, respectively; V is the load bus voltage after 
disturbance; V 0 is the pre-disturbance voltage of the load bus. 
1.3.4 Polynomial Load Model 
Polynomial load model can be defined as the load power is a polynomial 
function of bus voltage [9]. Polynomial load model can be expressed mathematically 
by the following equations [9]: 
P~P0H~J +•{~)+•,] 
Q~ Qo(•{~ J +a.(~)+a, J 
(1.7) 
(1.8) ' 
In Eqs (1.7) - (1.8), P0 and Q0 are the pre-disturbance real and reactive 
power consumption by load bus, respectively; P and Q are the post-disturbance 
power real and reactive consumption, respectively; vis the load bus voltage after 
disturbance; V0 is the pre-disturbance voltage of the load bus. 
From Eqs (1.7) - (1.8), parameters a0 and a3 determine the percentage of 
constant impedance load characteristics, a1 and a4 determine the percentage of 
constant current load characteristics and a 2 and a 5 determine the percentage of 
constant power load characteristics in the load bus. 
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Fig. 1.2 shows the graphical representation of the load response due to the 
variation of voltage magnitude for the constant impedance, constant current, 
constant power and polynomial models. In Fig. 1.2, the values of the parameters are 
as: P0 = Q0 =2.5 (pu), a0 = a3=0.3, a1 = a 4 =0.4,and a2 =a5 =0.3. 
a) Constant impedence model 
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0 
0 2 3 4 
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,.-., 
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Q.l 
H 
0 0.5 
> 
1.5 
~ 
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b) Constant current model 
2 3 4 
Active/ Reactive Power (pu) 
d) Polynomial model 
0'-----'~~~~~~~--' 
0 2 3 4 
Active/ Reactive Power (pu) 
Figure 1.2. Graphical representation of characteristics of the constant impedance, constant 
current, constant power and polynomial load models. 
1.3.5 Exponential Load Model 
Exponential load model is defined as the active and reactive power of the 
load is an exponential function of the bus voltage [9]. The mathematical expression 
of the exponential load model is given below [9]: 
(1.9) 
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where, as above P0 and Q0 are the pre-disturbance real and reactive power 
consumption by load bus, respectively; P and Q are the post-disturbance power 
real and reactive consumption, respectively; V is the load bus voltage after 
disturbance and V0 is the pre-disturbance voltage of the load bus. 
Parameters np and nq describe the real and reactive power dependency of 
bus voltage. The exponent value of np (or nq) is nearly equal to the value of the 
slope of the active power (or reactive) variation with respect to the change of voltage. 
Typical values of np normally range from 0.5 to 1.8 for different loads while typical 
values of nq normally range from 1.5 to 6. Common values of np and nq are given 
for different load in Table 1.1. 
Table 1.1: Voltage dependency parameters ( np and nq) for static load. 
Load np nq 
Air conditioner 0.50 2.50 
Space heater 2.00 0.00 
Fluorescent light 1.00 3.00 
Pumps, fans and other motors 0.08 1.60 
Small induction motor 0.05 0.50 
Large induction motor 0.10 0.60 
Fig. 1.3 and Fig. 1.4 show the graphical representation of load response of an 
air conditioner, space hearer, fluorescent light and induction motor. 
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Figure 1.3. Active power response due to voltage variation of air conditioner, space hearer, 
fluorescent light and induction motor. 
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Figure 1.4. Active power response due to voltage variation of air conditioner, space hearer, 
fluorescent light and induction motor. 
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1.4 Dynamic Load Modelling 
A dynamic model can be expressed as the relationship between active and 
reactive power of the load bus at any instant of time as function of voltage 
magnitude not only at that same instant of time but also at the past instant of time. 
Differential equations are used to represent the dynamic loads. Dynamic model can 
be classified in two categories [9, 12-16]. 
• Exponential load recovery model 
• Adaptive load recovery model 
1.4.1 Exponential Load Recovery Model 
Exponential load recovery model are used to capture the dynamic 
characteristics of the load restoration with an exponential recovery process [ 6]. The 
mathematical expression for the exponential load recovery model is given in the 
following [ 6]: 
T dP,. + p = P, (I__Jas -P, (I__Ja, 
p df r O V O V 
0 0 
(1.11) 
(1.12) 
(1.13) 
(1.14) 
1.4.2 Adaptive Load Recovery Model 
In adaptive load model, the power demand is represented by a non-linear 
function of voltage multiplied by its recovering load stages. Mathematical 
representation of the adaptive load recovery model is as follows [16]: 
T dP,. = P, (I__Jas -p (I__Ja, 
p df O V r V 
0 0 
(1.15) 
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(1.16) 
(1.17) 
(1.18) 
where, TP and ~ are the exponential load recovery time constants for active power 
and reactive power, respectively; ~ and Qr are the active power and reactive power 
recovery, respectively; P,; and Qd are the active and reactive power demand, 
respectively; P0 and Q0 are the active power and reactive power consumption by 
the load at the pre-fault voltage, respectively; Vis the supply voltage; V0 is the pre-
fault supply voltage; as is the steady-state active power-voltage dependency; f3s is 
the steady-state reactive power-voltage dependency; a, is the transient active 
power-voltage dependency and Pi is the transient reactive power-voltage 
dependency. 
The block diagram representing the exponential load recovery model and the 
adaptive load recovery model is shown in Fig. 1.5 and Fig. 1.6. 
v 
+ 
+ 
Figure 1.5. Block diagram of the exponential recovery model. 
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v 
+ 
Figure 1.6. Block diagram of the adaptive recovery model. 
In the dynamic load model, the load behaviour is characterised by a time 
constant, a transient, and a steady state power-voltage dependency. The time 
constant ( TP or ~) represents the time that is required to reach the output power of 
about 63% of its final value. The steady-state active/ reactive load voltage 
dependency (as or fls) represents how much of the active or reactive power is 
restored after recovery. A value of 0 (zero) represents the full power recovery while 
values other than zero mean partial recovery. The negative value of the power-
voltage dependency represents an overshoot of the load after recovery. Similarly, the 
transient active/ reactive load-voltage dependency ( a 1 or Pi ) represents how the 
load behaves during transient conditions. The value of transient power-voltage 
dependency equals to 0 represents the load behaviour during the transient conditions 
similar to a constant power load, while the values of 1 and 2 represent the load 
behaviour similar to constant current and constant impedance load, respectively. The 
graphical representation of the dynamic power restoration process due to voltage 
variation is shown in Fig. 1.7. 
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Figure 1.7. a) voltage drop and b) Dynamic response of the load due to voltage variation. 
1.4.3 Linearization and parameter optimization of the dynamic model 
Dynamic models consist of a set of non-linear equations, Eqs (1.11)- (1.18), 
where the real and reactive power have a non-linear dependency on voltage 
variations of the load bus. The non-linear equations are useful in simulating load 
power due to large variations in bus voltage. However, in practical cases, while 
small disturbances may occur frequently, the possibility of a large voltage variation 
is relatively low. Thus, in order to simplify an estimation of the model parameters 
for small disturbance analysis using conventional mathematical tools, linearization 
process is often used [6, 7, 17, 18]. 
Linearisation of Eqs (1.11) and (1.12) is obtained on operating voltage VP. 
Small deviation of the operating voltage is denoted by il. Eq. (1.11) becomes as 
follows: 
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(V Ja,-
1( J (V Ja,-1( J T d~ + M =a p -.L dV _a P. -.L dV 
p dt r s O V V 1 O V V 
0 0 0 0 
Eq. (1.12) can be rewritten as: 
Let us consider 
(
V Ja,-1 
A, =a1 ~ , and 
The space state representation ofEqs (1.19) and (1.20) are given by: 
TP d~ +M,. =AsP0v-A1~v dt 
Applying Laplace transformation in Eq. (1.19); 
~ (sTP + 1 ~ =(As - AJv 
~M -Pv(As-AJ 
r - o (sTP +1) 
By substituting the value of ..1Pr from Eq. (1.27) to Eq. (1.26), 
M = P (v (As - AJ +A vJ 
d o (sTP + 1) t 
~ LIPd = v (As - At)+ A v ~ (sTP +1) t 
LIPd v(As -AJ+Atv(sTP +l) 
~ - ----..---.----"-----~ - (sTP +1) 
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(1.29) 
Eq. (1.28) represents the deviation of load when the voltage change occurs. 
The equation is characterized by three parameters As , At , and TP . As represents the 
steady-state dependency of power-voltage, 4 represents the transient dependency of 
power-voltage, and TP is the time constant. Applying the final value theorem, 
replacing s = 0 in the Laplace domain, the steady state time domain solution can be 
fond. As a result, the steady-state parameter As can be determined from Eq. (1.29): 
LI.Pd 
Po 
As= LIV (1.30) 
Vo 
where liP,i is the difference between the pre-disturbance load power P0 and the final 
steady-state load power P. Also, fl.V is the difference between the initial pre-
disturbance voltage V 0 and the voltage after the step change Vx . 
Applying the initial value theorem, replacing s = oo , the transient parameter 
At can be determined from Eq. (1.29): 
/),pd 
Po 
At= fl.V 
Vo 
(1.31) 
In this case, Md is the difference between the pre-disturbance power Po and 
the transient power which occurs immediately after the step-change in voltage 
magnitude. 
The value of as can be obtained by substituting the value of As from Eq. 
(1.30) to Eq. (1.21) while the value of a, can be obtained the value of At from Eq. 
(1.31) to Eq. (1.22). 
The parameter vector (e = as,a,,TP) of the exponential recovery model is 
different for each load and even it can vary for the composite load based on the time 
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and season. The parameters of the exponential load recovery model are generally 
obtained using a measurement based approach. The identification of the parameter 
values of static models is straightforward, compared to identifying the parameters in 
dynamic load models using normal operation data. The algorithm of capturing an 
optimum value of the parameters uses N samples of the input signal as voltage 
V(tk)and the output signal as power P(tk). The objective here is to optimise the 
parameter vector (e = as,at,Tp) in such a way that the difference between the input 
signal and output signal is minimised [13, 17, 19]. The measured data corresponds to 
the load power subject to variations of the bus voltage. The objective function is to 
be minimised using a quadratic least square criterion is: 
N 
F(B) = L (~imulated (tk 'B )- pmeasured (t k' B ))2 (1.32) 
k=I 
Replacing ~imutated (t k, B) by the (P0 + !li'd), where P,, is the pre-disturbance 
power and Md is the measured variation of power due to disturbance. 
f).pd = I',, - ~imulated (t k 'B) ; 
1.5 Application of load models 
Models discussed in this chapter are suitable for different types of loads 
based on their characteristics. Static models are suitable for loads such as air 
conditioner, water heater, deep fryer, dishwasher, cloths washer and dryer, 
refrigeration, television, incandescent, florescent lights, and so on because of their 
instantaneous response to voltage variation. Loads like induction motor, OLTC (on 
load tap changer) exhibit dynamic response due to a voltage variation and hence they 
are modelled using dynamic load models. Some industrial loads, on the other hand, 
such as electric arc furnace, rolling mills exhibit complex relationships between the 
input voltage and the output power. Those loads follow highly random and time 
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varying relationships with the voltage and power consumption. Fig. 1.8 shows the 
time series data of the arc voltage and power (real and reactive): 
a) Time series voltage 
I} ~-:r = ~i =~f=j ~=:~~ :=j 
0 50 100 150 200 250 300 
Time (Minute) 
b) Time series power consumption 
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~ 20~~~~~~~~~~~~-'-~~~~~~~~~~~~ 
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c) Time series reactive power consumption 
b_: 
0 50 100 150 200 250 300 
Time (Minute) 
Figure 1.8. Time series arc voltage and power (real and reactive) of arc furnace 
It is apparent from Fig. 1.8, that although the bus voltage of the arc furnace 
remains almost constant, both the active and reactive power consumption vary 
randomly. 
In order to establish a relationship between the arc voltage and the power 
consumption (both real and reactive), the exponential model (discussed in Section 
1.2.5) is applied. In order to do so, the first task is to determine the load voltage 
dependency parameters ( np and nq ). Measurement based approach is adopted to 
determine the value of the load voltage dependency parameters. Mathematically, 
load voltage dependency parameter can be obtained in the following. 
From Eq. (1.9) in Section 1.2.5: 
21 
' .. ,, Chapter 1: Load Modelling Techiiicjues 
m(f.J 
~np~ 1n(~J (1.33) 
Reactive power voltage dependency constant (nq) can also be obtained by following 
the similar procedure from Eq. (1.10). 
(1.34) 
By substituting the values of the arc voltage, real and reactive power, the parameters 
are calculated and plotted in Fig. 1.9. 
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Figure 1.9. Graphical representation of the load voltage dependency for the arc furnace: a) 
active power-voltage dependency, b) reactive power voltage dependency. 
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From Fig. 1.9, it is apparent that the static value ofload-voltage parameter is 
not constant over time for loads the electric arc furnace; rather it is highly random 
and time variant. As a result it is obvious that the exponential static model alone is 
not useful for modelling of an arc furnace. Later in this thesis, artificial intelligence 
techniques will be applied in conjunction with this model to extract the nonlinear 
time variant pattern of arc furnace load pattern. 
Let us now investigate the behaviour of the arc furnace. To model arc 
furnace, linearization form of the exponential load recovery model is used. The first 
step is to obtain the value of the parameter vector (e =as, a,, TP) using the 
measurement based approach. The graphical representation of the voltage 
disturbance of the arc furnace load bus and the response of the arc furnace load due 
to this disturbance is shown in Fig. 1.10. 
a) Time series voltage 
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Figure 1.10. Time series arc voltage and power (real and reactive) of arc furnace to 
investigate dynamic response 
From Fig. 1.10, it can be seen that a sharp voltage variation occurs at time of 
16 minutes where the voltage raises from 21.7 k volts to 22.45 k volts. In response to 
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the voltage variation, the real and the reactive power also change sharply. The 
steady-state and transient exponential parameters (as and a,) of the exponential 
recovery model for real power can be determined by using Eqs (1.21), (1.30), (1.22), 
and (1.31 ). For example, the steady-state exponential parameter requires the value of 
pre-disturbance voltage ( V0 ), the difference between pre-disturbance voltage and 
post disturbance voltage (LIV), pre-disturbance average power ( P0 ), and the 
difference between the pre-disturbance and the steady state post disturbance power 
( l1P ). The value of pre-disturbance voltage ( V0 ) is obtained by averaging of the bus 
voltage from time of 1 minute to approximately time of 16 minute. The post 
disturbance voltage is the average value of the load voltage from time of 17 minute 
to time of 80 minute. Similarly, pre-disturbance power (P0 ) is obtained by 
averaging of the consumed real power from time of 1 minute to approximately time 
of 16 minutes. The steady-state post disturbance power is determined by averaging 
the data from time of-55 minutes to time of 80 minutes. The steady stage quantity 
(As) is obtained by substituting the values l1P, P0 , LIV, and V0 in Eq. (1.21). 
Using similar approach, transient quantity (A, ) is also obtained. Steady state 
exponential parameter ( aJ is evaluated by equating Eqs (1.21) and (1.30) and 
transient exponential parameter ( a 1 ) is evaluated by equating Eqs (1.22) and (1.31). 
The representation of the arc furnace load response is shown in Fig. 1.10. 
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a) Time series voltage 
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Figure 1.11. Modelling of arc furnace load responses due to a voltage variation using 
dynamic load modelling technique, a) real power response, b) reactive power response. 
In Fig. 1.11, the solid line represents the real data and the dotted line 
represents the simulated value. It is apparent that, the arc furnace response is 
dynamic after a voltage variation and the linear exponential dynamic recovery model 
is capable to extract the dynamic nature of arc furnace response. However, this 
model is unable to characterise the chaotic and the time varying pattern of the arc 
furnace response. 
1.6 Conclusion 
This chapter discussed different definitions and classifications of load. A 
brief overview of composite load bus and the challenges of the evaluation of load 
component in the composite bus were presented. Details of different load modelling 
techniques were also provided. A study of the arc furnace behaviour and its 
modelling was presented. It was demonstrated that an exponential load model (static 
model) and a dynamic exponential recovery model (dynamic model) failed to 
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capture the arc furnace behaviour because of the random and time varying nature of 
the relationship between the arc voltage and power. 
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Chapter 2: Conventional modelling approach of arc 
furnace 
2.1 Introduction 
The main focus of this chapter is to investigate the use of conventional 
approaches to modelling an arc furnace. In conventional approaches, arc furnaces 
can be modelled on the basis of their physical properties using mathematical 
formulas. Conventional modelling approaches are useful in simulating the arc 
furnace voltage and current responses in a continuous time domain, and hence can 
be used for harmonics analysis of the arc voltage and current. However, in practical 
cases, the arc current and the arc voltage are not static; rather they are highly time-
varying and random. In order to predict the dynamic characteristics of the arc 
furnace, a random noise can be added to conventional models. These dynamic 
models of the arc furnace are useful for flicker analysis. 
A number of conventional methods have been developed and used in this 
research as outlined as below: 
• Model 1 is based on a piece-wise linear approximation of the 
relationship between the arc voltage and the arc current in different 
operating regions [20, 21]. 
• Model 2 is based on a piece-wise linear approximation of the 
relationship between the arc voltage and the arc current in different 
operating regions, which is derived from the arc model proposed by 
Cassie [22]. 
• Model 3 is based on a piece-wise non-linear approximation of the 
relationship between the arc voltage and the arc current in different 
operating regions [23, 24]. 
• Model 4 establishes the relationship between the arc voltage and the 
arc current based on the relationship between the arc voltage and the 
arc electrode length [25]. 
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• Model 5 establishes the relationship between the arc voltage and the 
arc current based on the non-linear characteristics of current 
controlled time-varying arc resistance [26]. 
• Model 6 establishes the relationship between the arc voltage and the 
arc current based on Mayr's arc model [27]. 
• Model 7 establishes the relationship between the arc voltage and the 
arc current based on the time switch model of an arc furnace [28]. 
Detailed studies of these models are outlined in the following sections. 
2.2 Model 1 
Model 1 is based on the piece-wise linear approximation of the relationship 
between the arc voltage {v} and the arc current {i} in different operating regions [20, 
21]. The mathematical representation of the arc voltage is as follows: 
{
.R O< "<. l I; _ z - l;g 
v- R 
"R TT (1 2 )· • • < . l 2 +rig -R; , l;g <z _zex 
(2.1) 
From Eq. (2.1), the arc voltage {v} is ·a multi-valued function of the arc 
current (i} and each cycle of the arc voltage can be separated into two stages. The 
first stage is the pre-ignition stage, which represents the first part ofEq. (2.1) and the 
second stage is the ignition stage which represents the second part ofEq. (2.1). R1 in 
Eq. (2.1) represents the arc resistance in the pre-ignition stage. Arc ignites during the 
ignition stage when the arc current reaches the arc ignition current (i;g). During this 
stage, a negative resistance {R2 } is developed in conjunction with the resistance in 
the pre-ignition stage {R1}. The arc extinguishes and returns back to its pre-ignition 
stage when the arc current is below some specific current known as the arc 
extinction current (i ex}. The mathematical representation of the arc ignition current 
(i;g) and the arc extinction current (iex) is shown as follows: 
. v.g 
l- =-
1g R 
I 
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i = vex - v (-1 __ 1 J 
ex R 'KR R 
2 2 l 
(2.3) 
' 
where, V,g and Vex represents the arc ignition voltage and the arc extinction voltage 
respectfully. 
The graphical representation of the (v - i) characteristics of the arc furnace is 
shown in Fig. 2.1. 
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Figure 2.1. The v - i characteristic of Model 1. 
In Fig. 2.1, the segment OA represents the pre-ignition stage and the slope of 
the line OA represents the arc resistance (R1) of this stage. The segment AB 
represents the ignition stage and the slope of this segment represents the arc 
resistance (R2)· Normally the value of the RI is assumed to be several times higher 
than the value of R2 • 
However, in practical cases, because of the random nature of the arc furnace, 
all (v-i) cycles of the arc furnace are different from each other a~d the parameters 
describing the furnace behaviour change randomly. Dynamic behaviour of the arc 
29 
. -~ .. 
. ' . ' ~ ... · · "' ,· ·: _-: . Chapter.Z:-:~onventional model!ng approaeh of arc furnac~' 
furnace can be represented by incorporating stochastic changes of the arc resistance, 
R1 in Eq. (2.1). In the case of the white noise variation, the dynamic arc resistance is 
shown as follows: 
R1(t)= R1(l +BLW) (2.4) 
where, BL W is the white noise. 
Following assumptions are undertaken to investigate the dynamic properties of 
Model 1: 
• Measures must be taken to ensure that the arc resistance remains constant for 
at least half of a cycle of the fundamental frequency. 
• Variation of the arc resistance from each half cycle ensures the non-
symmetry of the {v - i) characteristics of Model 1, which matches the 
characteristics of the real arc furnace. Fig 2.2 shows the time series white 
noise . 
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Figure 2.2. Variation of arc resistance using a white noise. 
The dynamic v - i characteristic of the arc furnace is shown in Fig. 2.3. 
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Figure 2.3. Dynamic (v-i) char~cteristic of Model 1. 
In Fig. 2.3, the solid bold line represents the {v - i) characteristics of Model 
1 without the white noise; and the dotted line _represents the {v - i) characteristics of 
Model 1 subject to the white noise of the arc resis~ance {R1). It is evident from Fig. 
2.3 that for each cycle of the {v - i) characteristic, the arc ignition voltage varies 
with the variation of the arc resistance (R1) • An increase of the arc resistance (R1) 
due to the noise results a proportional increment of the arc ignition voltage (~g ) and 
the arc extinction voltage (vex). However, the ignition current (i;g) and the arc 
extinction current (i ex) are assumed to be constant for all cycles. 
2.3 Model2 
Model 2 is based on the simplified linear approximation of the v - i 
characteristics of the high current electric arc model proposed by Cassie [22]. The 
mathematical representation of the arc voltage is as follows: 
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iR1; (i::;; i1 & di> o) or (i::;; i4 & di< o) dt dt 
R2 (i-ii)+ VI; ii < i::;; i2 & di 0 -> 
v= dt (2.5) 
R3 (i-i2)+ Vv· i3 < i::;; i2 & di 0 -< dt 
R4 (i - i3) + V3; i4 < i::;; i3 & di 0 -< dt 
In Model 2, similar to Model 1, each cycle of the arc voltage is divided into 
two stages. The first one is the pre-ignition stage, which represents rl?-e first part of 
Eq. (2.5). The second is the ignition stage which represents the 2nd, 3rd, and the 4th 
parts of Eq. (2.5). A graphical representation of the v - i characteristic of Model 2 is 
shown in Fig. 2.4. 
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Figure 2.4. The v - i characteristics of Model 2. 
In Fig. 2.4, different segments (segment OA, AB, BC, CD, DO) are 
characterised by the arc resistances R1 , R2 , R3 , and R4 , respectively. R1 ( the 
slope of line OA and DO) represents the arc resistance during pre-ignition stage 
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when the arc goes from its extinction to the ignition stage or vice-versa. The value of 
R1 is relatively high and is defined by the voltage necessary to establish the arc. R2 , 
R3 , and R4 represent respected resistances when the arc is established. R2 ( the slop 
of the line AB) corresponds to the voltage variation .during the ignition period when 
the arc current is increasing. R3 ( the slop of the line BC) corresponds to the arc 
voltage drop estimated by the degree of imbalance between phases. R4 (the slop of 
the line CD) corresponds to the voltage variation during the ignition period when the 
arc current is decreasing. 
Expressions for currents, i1, i 2 , i3 , and i4 can be represented as follows: 
(2.6) 
For modelling dynamic characteristics of Model 2, stochastic changes are 
incorporated in the arc resistance in different operating regions. The arc resistances 
(R,, R2 , R3 , and R4 ) after incorporating the band limit white noise are represented in 
Eq. (2.7). 
R1 (t) = R, (I+ BLW) 
R2 (t)= R2 (1 +BLW) 
R3 (t)= R3 (I+BLW) 
R4 (t)= R4 (I +BLW) 
where, BLW is the white noise. 
The dynamic v-i characteristic of Model 2 is shown in Fig. 2.5. 
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Figure 2.5. Dynamic (v-i) characteristics of Model 2. 
It is evident from Fig. 2.5 that the arc voltage in each part in Eq. (2.5) 
changes due to the changes of the arc resistance. In Fig. 2.5, the solid bold line 
represents the v - i characteristics of Model 2 without the white noise, and the 
dotted line represents the v-i characteristics of Model 2 subject to the white noise 
of the arc resistance. It can be noted that an increase of the arc resistance causes the 
proportional increase of the arc voltage in each part of Eq. (2.5). However, it is 
assumed that, due to the changes of the arc resistance, the arc current remains 
constant. 
2.4 Model3 
Model 3 is based on the non-linear approximation of the voltage-current 
(v-i) relationship of the arc furnace [23, 24]. In Model 3, the melting process of the 
arc furnace is divided into three stages. In the first stage, the arc voltage increases 
from the extinction voltage (-v eJ to the arc ignition voltage (vig ). During this 
stage, the arc furnace acts· as a resistance and the arc current changes its polarity. Arc 
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ignites in the second stage, when the arc voltage reaches the ignition voltage (v,g ), 
which is assumed to be the beginning of the arc melting process. At the beginning of 
this stage, a sudden exponential voltage drop occurs in the arc electrode until the arc 
current increases to its peak value. The third part of Eq. (2.9) represents the same 
stage, when the arc voltage drops smoothly as the arc current decreases from its peak 
value. This stage continues until the arc voltage drops below the arc extinction 
voltage. The fourth part of Eq. (2.9) represents third stage, when the arc extinguishes 
and the system returns back to its first stage. 
v= 
& di >0 
dt 
. ·<·&di 0 l1 < l -l2 -> 
dt 
. .<.&di 0 i 2 <i _ i 3 - < 
& di <0 
dt 
dt 
(2.9) 
The graphical representation of the v - i characteristics of Model 3 is shown 
in Fig. 2.6. 
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Figure 2.6. The (v-i) characteristic of Model 3. 
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In Fig. 2.6, the slops of segments OA and OC represent the value of the 
resistance, R1 • The segments AB and BC represent the ignition process of the arc 
furnace. 
In order to incorporate the dynamic properties, stochastic changes are added 
to the arc resistance (R1 and R3 ) as well as the time constant (ir) in Eq. 2.8. The 
dynamic v-i characteristic of Model 3 is shown is Fig. 2.7. Here the solid bold line 
represents the v - i characteristics of Model 3 without the band limit white noise; 
and the dotted line represents the v - i characteristics of Model 3 subject to the band 
limit white noise. The arc voltage changes due to random variations of the arc 
resistance. Similar to the previous models, the arc voltage increases due to the 
random increment of the arc resistances (R1, and R3 ) • The transient condition 
decays fast if the time constant decreases due to the random change of the time 
constant (ir). 
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Figure 2.7. Dynamic (v-i) characteristic of Model 3. 
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2.5 Model 4 
In this model, the arc voltage is considered as a function of the arc electrode 
length [25]: 
v = sign~{v" + D ~Iii] (2.9) 
where, v and i are the arc voltage and arc current, respectively. VD is the threshold 
value of the arc voltage when the arc current increases. VD depends on arc length 
which is given by the following equation [25]: 
VD= A+Bl (2.10) 
where, I is the length of electrode, A is the constant representing the sum of the 
voltage drop in anode and cathode, and B is the constant representing the voltage 
drop per unit length. 
The v - i characteristic of the arc furnace is shown in Fig. 2.8. 
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Figure 2.8. The (v-i) characteristics of Model 4. 
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It can be seen that, the arc voltage establishes rapidly as the arc current 
passes its zero crossing value. As the arc establishes, the voltage drops rapidly 
during the transient period but becomes almost constant in the steady-state period. 
In reality, however, the arc electrode length is not constant; rather it is a 
random function of time because of random operation dynamics of the arc furnace. 
By applying the stochastic changes of the arc length, the random pattern of the 
v-i characteristic of Model 4 can be obtained as shown in Fig. 2.9. A mathematical 
representation of the dynamic arc electrode length is given as follows: 
l(t) = 1(1 + BLW) (2.11) -
where, BL W is the white noise. 
In Fig. 2.9, solid bold line represents the v -i characteristics of Model 4 
without the white noise, and the dotted line represents the v - i characteristics of 
Model 4 subject to the white noise. From Fig. 2.9, the arc voltage changes as a result 
of the random changes of the arc electrode length. As the arc electrode length 
increases, the arc voltage also increases. 
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Figure 2.9. Dynamic ( v - i) characteristics of Model 4. 
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2.6 Models 
In Model 5, the arc furnace is assumed to be a current controlled variable 
resistance. In this model, each cycle of arc voltage is divided into three stages based 
on the following assumptions [26]: 
• The first stage is known as the pre-ignition stage. During this stage, the arc 
voltage increases from zero, the current passes its zero crossing point, and 
the arc starts igniting. This stage terminates as the arc voltage reaches a 
specific value called the arc ignition voltage (v;g ). During this stage, the arc 
circuit can be described as an open circuit with a leakage resistance (Rg ). 
This resistance is assumed to be the resistance of foamy slag. 
• The second stage is known as the ignition stage. This stage starts just after 
the pre-ignition stage when the arc voltage reaches the arc ignition voltage 
(v;g). During this stage the arc voltage drops exponentially during a small 
transient period. After the transient period, the arc voltage becomes constant 
(proportional to the arc electrode length). In this stage, an exponential 
function and the time constant ( i-1) are used to express the transient period. 
• The third stage is known as the arc extinction stage. During this stage, the arc 
starts extinguishing and the arc voltage {v) drops smoothly. At the end ofthis 
stage, the arc voltage drops rapidly. To characterize the exponenti~l property 
of the arc resistance in this stage, an exponential function is used with the 
time constant { i-2 ) • 
The non-linear resistance is governed by the following equation [26]: 
R = 
A 
d~l(t)I) 
R · 0:;; Iii< I. and--> 0 ~· ~ ~ 
( <kl - I 'G) I "1 ) V -(V - V )e '' D ig D Iii~ I and dQI(t>I) > 0 
JG dt 111 
( v - (V. - v )e <kl> I T 2 )/{. 11 + I ) . T 1g T q ig' d~I<t>I) --<0 dt 
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where, V°;g , VT , and l,g are found from the following equations [26] : 
v;g l'lj l.15V0 
(/ +I. )VD 
v. _ max zg r- 1 
max 
The constant voltage {v D) which is proportional to the arc length is 
expressed as follows: 
VD =A+BL 
(2.13) 
(2.14) 
(2.15) 
(2.16) 
Where, L represents the length of electrode, A is the constant that 
represents the sum of anode and cathode voltage drop, and B is the constant that 
represents the voltage drop per unit length. 
The expression for the arc voltage is given as: 
v(t) =RA (t)1A(t) (2.17) 
The graphical representation of the arc resistance-current characteristic is 
shown in Fig. 2.10. 
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Figure 2.10. The arc current vs arc resistance. 
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In Fig. 2.5, lines EA and EA' represent the pre-ignition stage, where the arc 
resistance is assumed to be constant. Lines ABC and A'B'C' represent ignition stage 
of the arc resistance-current characteristic. During the ignition stage, the · arc 
resistance decreases exponentially until it reaches the value corresponds to the arc 
extinction stage. Lines CDE and C'D'E represent the extinction period where the arc 
resistance increases exponentially until it reaches some constant value. The dynamic 
property of the arc resistance-current characteristic can be achieved by adding some 
stochastic variations to the arc resistance. The dynamic arc resistance-current 
characteristics are shown in Fig 2.11. In Fig. 2.1 l, solid bold line represents the arc 
resistance-current characteristic of the Model 5 without the white noise, and while 
the dotted line represents the resistance-current characteristics of Model 5 subject to 
the white noise. 
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Figure 2.11. Dynamic arc current - resistance characteristics. 
The voltage current (v-i) characteristic of Model 5 is derived from Eq. 2.17 
based on the arc resistance-current relationship. Fig. 2.12 shows the v-i 
characteristics of Model 5. Lines AB and AB' represent the pre-ignition stage, line 
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BC and B'C' represent the ignition stage, and lines CA and C'A represent the arc 
extinction stage. The v - i characteristic of Model 5 reveals that during the pre-
ignition stage, the arc voltage increases linearly with respect to the arc current. Once 
the arc current reaches the arc ignition current, the arc voltage reduces rapidly and 
settles at a constant value which is proportional to the arc electrode length. During 
the extinction stage, the arc voltage reduces exponentially. 
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Figure 2.12. The v-i characteristics of Model 5. 
The dynamic voltage-current (v-i) characteristics shown in Fig. 2.13 are 
obtained based on the dynamic relationship between the arc resistance and the arc 
current. 
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Figure 2.13. Dynamic v - i characteristics of Model 5. 
In Fig. 2.13, the solid bold line represents the v-i characteristics of the 
Model 5 without the white noise, and the dotted line represents the v - i 
characteristics of Model 5 subject to the white noise. 
2.7 Model 6 
A simplified form of the arc current and voltage can be derived from Mayr' s arc 
model [27]: 
(2.18) 
2V0 sin cot v = ----=-----
a l _ sin(2mt + 'I' a) 
~l+(iJ2 
(2.19) 
where ia and va are the arc current and the arc voltage, respectively; 
p 1 
and V, = _!g_ tan l/f = --
o .J2J ' a 2(l)T a 
where, Ta is the arc time constant and P,.
0 
is the arc column power at the moment of 
interruption. 
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The v - i characteristic of Model 6 is shown in Fig. 2.14. 
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Figure 2.14. The v-i characteristic of Model 6. 
Dynamic characteristics of Model 6 are obtained by adding stochastic 
changes to the time constant (rJ in Eq. 2.19. The dynamic v-i -characteristics of 
Model 6 are shown in Fig. 2.15. 
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Figure2.15. Dynamic v-i characteristks of Model 6 
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In Fig. 2.15, the solid bold line represents the v - i characteristics of the 
Model 6 without the white noise, and the dotted line represents the v - i 
characteristics of Model 6 subject to the white noise. It can be noted that, as the time 
constant (rJ increases due to the random changes, the arc voltage also increases. 
2.8 Model 7 
In Model 7, the arc is simulated based on the consideration of stationary 
voltage-current characteristics and the ohmic property of the arc. Within a half cycle 
of current, the arc voltage in Model 7 is considered as a constant time function, 
which depends on the polarity of the arc current. Magnitude of the arc current and 
other stochastic changes that affect the arc voltage are neglected in this model. A 
mathematical representation of the arc voltage is given as follows: 
v = VD x sign(i) (2.20) 
where, sign(i)= +1, if iis positive and sign(i)= -1, if iis negative 
The graphical representation of the v - i characteristic of Model 7 is shown 
in Fig. 2.16 
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Figure 2.16. The ( v - i) Characteristic of Model 7. 
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The equivalent time switch circuit of Model 7 is shown in Fig. 2.17. 
Rs1ag 
Figure 2.17. The equivalent time switch circuit of Model 7. 
In Fig. 2.17, at time tl' the arc extinguishes, the current changes its polarity 
and the arc voltage is developed due to the foamy sag in the arc furnace. When the 
voltage across the foamy slag increases and reaches the value of the arc ignition 
voltage (vv) at time t 2 , the arc establishes and keeps a constant voltage. The time 
interval between !1 and !2 is very small, and the arc current is assumed to be zero 
during this time. The ignition voltage of this model depends on the arc length. The 
accuracy of this model depends on the approximation of the arc voltage and the 
estimation of the switch times !1 and !2 • 
The dynamic v - i characteristics of Model 7 are obtained by incorporating 
the white noise in the arc voltage. The dynamic arc voltage is represented as follows: 
v(t)=Vv xsign(i)+BWL 
The dynamic v-icharacteristics of Model 7 are shown in Fig. 2.18. 
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Figure 2.18. Dynamic v-i characteristics of Model 7. 
2.9 Conclusion 
In this chapter, several conventional approaches to modelling the arc furnace 
were discussed and compared. The static and the dynamic v - i characteristics were 
demonstrated and examined. The next step is to simulate the arc voltage and the arc 
current responses on a prototype industrial plant by implementing these models. 
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Chapter 3: Computational Intelligence Techniques for Arc 
Furnace Response Modelling 
3.1 Introduction 
The main focus of this chapter is to model arc furnace responses using 
computational intelligence techniques. These techniques mainly involve the 
application of artificial intelligence in order to extract relationships between the 
input and the output patterns of a complex, non-linear and time-varying systems. As 
the relationship between the arc voltage and the arc power is complex and highly 
time varying, computational intelligence techniques are used to establish a non-
linear relationship between them [30]. Also, artificial intelligence techniques are 
often used successfully to predict non-linear system behaviour based on historical 
data [30]. In our research, we also implement a model using computational 
intelligence which is capable of predicting the short term behaviour of the arc 
voltage and power response. 
Artificial intelligence (or AI) can be defined as the study and design of an 
intelligent agent that observes its environment and takes actions in order to 
maximize its chances of success [31]. In artificial intelligence, an intelligent agent is 
used to describe intelligent actors which examine and act upon their environment 
based on abstract capabilities such as perception, action and goal directed behaviour 
[31]. A system can be defined as intelligent if it interacts with its environment in a 
manner that would normally be regarded as intelligent if that interaction were carried 
out by a human being [4]. It can be implemented using conventional software 
techniques. An intelligent agent can be wholly autonomous, carrying out its own 
agenda, and acting as an agent like an intelligent human [31]. 
The term artificial intelligence is also used to describe a special property of 
machines or programs called 'intelligence'. Intelligence is a property of the human 
tnind that covers human like abilities, such as the capacities to reason, to plan, to 
solve problems, to think abstractly, to comprehend ideas, to use language, and to 
learn. 
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Artificial intelligence techniques can be divided into two main branches 
which are known as Conventional AI and Computational Intelligence. Conventional 
AI is the branch of artificial intelligence that is used explicitly to represent human 
knowledge in the form of facts and rules [30]. Good examples of conventional AI 
are computer programs such as expert systems or knowledge based systems. These 
systems are able to utilize knowledge of a particular domain in such a way as to 
imitate a human expert on that subject matter [4]. However, expert systems are 
narrow in their domain of knowledge and when they are presented with a different 
task which they are not designed for; the expert systems may not be able to provide a 
satisfactory solution. Moreover, the main drawback of these systems is their inability 
to learn from their experiences. In contrast, computational intelligence has the ability 
to learn from its past experiences. Computational Intelligence involves iterative 
development or learning such as parameter tuning. Common computational 
intelligence systems include artificial neural networks, fuzzy inference systems, 
evolutionary computation and hybrid systems which are the combination of at least 
two of the systems mentioned above. 
Let us now consider the most important techniques and tools of 
computational intelligence, which is known as the artificial neural network. 
3.2 Artificial Neural Network (ANN) 
The Artificial Neural Network (ANN) works in a way similar to a biological 
' 
nervous system, such as the brain, and process information in a similar manner. 
Similar to a human brain, an ANN consists of an interconnected group of simple 
processors called artificial neurons that are used as a computational model for 
processing information [ 4]. The neurons of an ANN are connected by weighted links 
that pass signals from one neuron to another based on the strength of these 
connections. Each neuron receives a number of input signals through its connections 
and produces an output signal. The architecture of an ANN consists of different 
layers that includes an inputs layer, middle layers or hidden layers (multi-layer 
neural networks), and an output layer. A number of the input signal is applied to the 
input layer which is transmitted to the neurons in the middle layer of the network via 
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weighted links as shown in Fig. 3 .1. Weights are the basic means of the long term 
memory which express the strength of connection between two neurons. Each 
neuron in the hidden layer produces an output signal based on its input signal and 
transmits that signal through its outgoing connection. The output signal sometimes 
split into a number of outgoing branches that broadcast the same signal to an 
incoming connection of a number of other neurons in the network. 
Y1 1 ell X2 ea ~ U5 
·-Cf.) ~ ~ Yk fr ft ~ 
-
xi 0 
Input Layer Middle Layer Output Layer 
Figure 3.1. Architecture of a typical artificial feed-forward neural network. 
A typical feed-forward artificial neural network shown in Fig. 3.1, where, x1, 
x2, ... Xi, ••• Xn, represent a set of the input signals and y1, and y2, represent a set of 
the output signals. Each layer in Fig. 3 .1 consists of a number of interconnected 
neurons. A weight between two neurons represents the strength of the connection. 
Wij represents the weight between the ith neuron in the input layer and the jth neuron 
in the middle layer. mjk represents the weight between the jth neuron in the middle 
layer and the kth neuron in the output layer. 
ANNs can be considered as an adaptive system that change their parameters 
based on the information that flows through the network. In more practical 
applications these networks are non-linear statistical data modelling tools and can be 
utilized to model complex relationships between inputs and outputs or for pattern 
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recognition. ANNs can be classified into two types, one is the feed forward network 
and the other is the feedback network [4]. Feed-forward networks allow signals to 
travel in one direction only i.e. from input to output. Here the output of any layer 
cannot affect that same layer. This type of network is mainly used for pattern 
recognition. On the other hand, feedback networks can have signals travelling in 
both directions. This type of network is dynamic as its state is continuously 
changing until reaching an equilibrium point. The network remains in the state of 
equilibrium until the input changes and a new equilibrium is needed. 
The a~tivation function in nemal network plays an important role as it is 
responsible for the pattern of the output signal produced by the neuron. There are 
several activated functions that are often used in ANNs [4]. 
A. Step function 
Step function can be defined as a function where the output is positive 1 if 
the input is higher than a threshold value and zero for other input values. The 
mathematical relationship between the input and output of the step function is shown 
as follows [33]: 
Y={+l if X>B 
0 if X <=B (3.l) 
where X , Y, and () are the input, the output, and the threshold value of the system. 
The graphical relationship between the input and the output of a neuron is shown in 
Fig. 3.2. 
y 
+1 
() x 
-1 
Figure 3:2. Step function. 
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B. Sign function 
The output of sign function is positive 1 if the input is higher than a threshold 
value and negative 1 for other input values. The mathematical relationship between 
the input and output of the step function is given as [33]: 
{
+1 if X>B 
Y= 
-1 if X <=B (3.2) 
where X , Y, and B are the input, the output, and the threshold value of the system. 
The graphical representation of the sign activated function is shown in Fig. 3 .3. 
y 
+1 ... 
-(} x 
-1 
Figure 3.3. Sign function. 
C. Sigmoid function: 
The sigmoid function is used to produce sigmoid curve (s-shape) which can be 
defined using Eq. (3.3). The main feature of the sigmoid function is its ability to 
transfer any input ranged between minus infinite to plus infinite to a suitable output 
ranged between zero and one. 
Y= 1 
l+e-x (3.3) 
where X , and Y are the input, and the output of the system. The graphical 
representation of the sigmoid function is shown in Fig. 3.4. 
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D. Linear function 
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x 
-1 
Figure 3.4. Sigmoid function. 
In the linear function, the relationship between the input and the output is 
represented by a linear function. Mathematical expression between the input and the 
output is given as follows: 
Y=mX +c (3.4) 
where X , and Y are the input, and the output of the system, m and c are parameters 
that define the slope and intersection with Y axis. The graphical representation of the 
linear function is shown in Fig. 3.5. 
x 
Figure 3.5. Linear function. 
The performance of an ANN largely depends on the proper training of the 
network. In order to train a neural network, the weights must be adjusted in such a 
way that the error between the desired output and the actual output is reduced. Let us 
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consider a simple network that consists of a single neuron with adjustable weight 
and a hard limiter as shown in Fig. 3.6. To train this particular network, the 
perceptron training algorithm [4] is used which is discussed below: 
Input Weight Linear Activated Output 
Combiner Function 
JD {] y ) 
Figure 3.6. Single Layer two input perceptron. 
In Fig. 3.6, the weighted sum of the inputs is applied to the hard limiter 
which produces an output of ( + 1) for a positive input and 0 for a negative input. The 
expression of the weighted input and the activation function is shown in Eq. (3 .5) 
and Eq. (3.6). 
{
+I, for X>8 
Y= 0, for x :5; e 
(3.5) 
(3.6) 
The perceptron training algorithm begins by initializing the network. Here 
the initial weights, w1(j) and w2(j), and the threshold value, 0, are usually set to 
random values, which range typically -0.5 to +0.5. The perceptron is activated when 
the input signals, x1(j) and x2(j), and the desired output, Yd(j), are applied. The 
actual output, Y(j), is then calculated at iteration j and compared to the desired 
output. 
The network adapts by making small changes in the weights by an amount 
which i~ proportional to the difference between the desired output and the actual 
output of the perceptron. The error at iterationj is given in Eq. (3.7). If the error at 
iteration j is positive, the perceptron output Y(j) needs to be decreased. However, if 
the error at iterationj is negative, we need to increase the perceptron output Y(j). 
e(j) = Y(j)-Yd(j) (3.7) 
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where e(j) is the error at iteration j (j is a positive integer 1,2,3 ... ). 
The next stage in the perceptron training algorithm is updating the weights. 
The weights at iteration (J + 1) are updated as shown in Eq. (3.8) below. 
(3.8) 
where i is the weight number; 
f!.w;(j) is the weight correction at iterationj. 
The weight corrections are determined by the Delta Rule [4], as shown in Eq. 
(3.9). 
!!. w; (j) = a x x; (j) x e(j) (3.9) 
where a is the learning rate. 
This process is repeated until the error between the desired output and the 
actual output becomes sufficiently small and the solution converges. Let us consider 
an arc furnace model using the perceptron model. The input of the model is the 
voltage and the current of the arc furnace and the output is the real power as shown 
in Fig. 3.7. 
V(t) 
P(t) 
I(t) 
Figure 3.7. Perceptron model. 
In this model, we use 600 data sets; among them, 300 data sets are used to 
train the model and 300 data for testing the model. The time series data patters of the 
arc voltage, arc current and the arc furnace power consumption are shown in Fig. 3.8. 
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Figure 3.8. Time series representation of a) voltage, b) current, and c) power consumption of 
the arc furnace. 
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Figure 3.9. Perceptron Output. 
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After training the perceptron using first 300 data set, the output of the 
perceptron network is obtained for next 300 data which is shown in Fig. 3.9. In Fig. 
3.9, the solid bold line represents the output of the perceptron network, the dotted 
line represents the actual data collected from the metallurgical plant and the dotted 
bold line at the bottom of the graph represents the error between the perceptron 
output and the real data. It is evident that a simple perceptron network cannot 
represent time-varying nature of the arc power. The fact is that this model can only 
learn linearly separable functions shown in Eq. (3.3). This learning algorithm can be 
represented by drawing a simple line between two types of data. In a perceptron 
model, for a net weighted input higher than a threshold value, the_ output of the 
~odel is 1; and for the other values of the net weighted input, the output is zero 
which does not represents the arc power characteristics. As the perceptron model 
cannot produce acceptable results, a multi-layer perceptron (MLP) is used in order to 
improve the neural network performance. 
3.2.1 Multi-Layer Perceptron 
A Multi-Layer Perceptron (MLP) is a neural network that has one input and 
one output layer and at least one hidden layer in the middle. The input layer consists 
of a number of neurons to receive input signals. Neurons in the input layer rarely 
have computational ability; they mainly distribute input signals to the appropriate 
neurons in the hidden layer. The hidden layers consist of a number of computation 
neurons. The weights associates with the neurons in the hidden layer represent the 
features of the input patterns. The output layer consists of a number of the 
computational neurons that receive the stimulus pattern from the hidden layer and 
establish the output pattern. Back propagation algorithm is the most widely used 
method to determine the dynamics of the multi-layered feedback perceptron 
networks. An example of multi-layer perceptron is shown in Fig. 3.10. 
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Figure 3.10. Multi-Layer Perceptron. 
Let us consider a set of inputs, x1, x2, ••• Xi, ••• Xn , applied to the MLP and a 
set of outputs, y1, and y2, as shown in Fig. 3.10. In this example, we consider a 
simple input layer consisting of n input neurons, a simple hidden layer with m 
computational neurons and a simple output layer with l output neurons. Wij 
represents the weight between the ith neuron in the input layer and jth neuron in the 
hidden layer, and OJjk represents the weight between the jth neuron in the middle 
layer and the kth neuron in the output layer. The first step is to determine the net 
weighted input vector which is given in the Eq. 3.10. 
n 
x = ""'x,w. -{} L-J I l 
i=l 
where X is the weighted sum of the input signals; 
x is the input signal; 
w is the weight value of the connecting link; 
n is the number of inputs; 
e· is the threshold value. 
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The output is compared with the desired output and error is generated which 
is the difference between the MLP output and the desired output. The expression for 
error signal is given in Eq. (3.12). 
e(k) = Y(k)-Yd(k) (3.12) 
where e(k) is the error at iteration k ( k is a positive integer 1,2,3 ... ). 
The error is propagated backward to the hidden layer; the weight of the 
neurons located in the hidden layer are updated in a manner similar to the perceptron 
model: 
(3.13) 
where Llwii (k) is the weight correction at iteration k. 
The weight correction depends on the output of the network and the error 
gradient at neuron l in the output layer at iteration k. The error gradient is given in 
Eq. (3.14). 
o(k) = o(y, (k )) .e, (k) 
o(x,(k)) (3.14) 
For sigmoid activated function, the error gradient function can be expressed 
as follows: 
(3.15) 
The weight correction factor is shown in the following equation. 
(3.16) 
Weights are adjusted according to Eq. (3.13). This is achieved by 
propagating the error backwards through the network from the output layer to the 
input layer. Let us consider an arc furnace model using the MLP model. The input of 
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the model is the voltage and the current of the arc furnace and the output is the real 
power as shown in Fig. 3.12. 
V(t) 
P(t) 
I(t) 
Figure 3.11. MPL model. 
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Figure 3.12. MPL Output 
From Fig. 3 .12, MLP model is able to capture the random pattern of the arc 
power based on the arc voltage and the arc current. In this figure, the bold line 
represents the predicted power, the thin line represents the actual power 
consumption from the arc furnace, and the dotted bold line represents the difference 
between the actual power and the predicted power. The accuracy level of the 
prediction is the key factor to evaluate the performance of the model. In MLP model, 
5 neruons are used in the hidden layer which gives us satisfactory result as the MSE 
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(mean square error) is about 0.53 MW. However, the performance of the model can 
be further improved if fuzzy logic can be used in conjunction with neural network. 
Detailed study of the fuzzy inference system and Neuro-Fuzzy modelling techniques 
are discussed in the following sections. 
3.3 Fuzzy Inference Systems 
Fuzzy logic is derived from the fuzzy set theory that deals with the reasoning. 
Fuzzy logic is an extension of Boolean logic (true or false logic) that deals with the 
concept of partial truth and degrees of membership [ 4]. Unlike two-valued Boolean 
logic, Fuzzy logic uses a wide range of the of logic values between 0 (Completely 
false) and 1 (Completely true) and hence the fuzzy logic is multi-valued. Fuzzy logic 
is used to describe fuzziness or vagueness of a particular object based on the concept 
that all things admit to a degrees of membership function to that object. Fuzzy logic 
uses a defined list of if-then statements known as fuzzy rules [4]. These fuzzy rules 
are useful as they refer to variables and the adjectives that describe those variables. 
A typical example is shown below: 
Rule 1 
IF the voltage is high 
THEN power loss in transmission system is low. 
Rule2 
IF the voltage is low 
THEN power loss in transmission system is high. 
In these rule, the universe of discourse of the linguistic variable 'current' has a wide 
range between zero to several hundred ampere which includes fuzzy sets such as low, 
medium and high. The universe of discourse of the linguistic variable 'power 
consumption' can be low, medium and high which may varies :from zero to several 
thousand watt, depends of the system of interest. 
A fuzzy inference system can be defined as the mapping from the given input to an 
output using fuzzy set theory. Commonly used fuzzy inference systems are 
Mamdani-style inference system and Sugeno-style inference system. A detailed 
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study of Mamdani and Sugeno-type fuzzy inference system is .outlined in the 
following sub-section. 
3.3.1 Mamdani-style Inference Systems 
Mamdani-style fuzzy inference system works in four stages. Detailed 
description of these stages is demonstrated below using a simple example. Let us 
consider a simple two input one output problem containing 3 rules: 
Rule l, 
IF voltage is high 
OR current is low 
THEN losses are low 
Rule2 
IF voltage is low 
AND current is high 
THEN losses are high 
Rule3 
If voltage is low 
OR current is low 
THEN losses are medium 
Rule l, 
IF Vis A3 
OR I is 131 
THENP is Cl 
Rule 2, 
IFVisAl 
AND Iis B2 
THENP is C3 
Rule3 
If Vis Al 
OR Iis Bl 
THENP is C2 
Let us denote the linguistic variables - voltage, current and loss of a 
transmission line as V, I and P. Al, A2, and A3 ( low, medium and high) are the 
linguistic values of universe of discourse V (voltage), B 1, and B2 ( low, and high) 
are the linguistic values of universe of discourse I (current), and Cl, C2, and C3 
(low, medium and high) are the linguistic values of universe of discourse P (loss). 
The first step of the Mamdani-style fuzzy inference is the fuzzification of the 
input (Voltage and Current) and determines the membership function of each 
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element. For example, the membership functions of the inputs of the fuzzy system 
are shown as follows: 
(>. 
iJ BI 
~ a 
"8 e ~I Q4o •••••••••• 
0.15 
B2 
0 ....__ _ ....,.... ___ _ 
VI Voltage II Current 
Figure 3.13. Membership function of the voltage and the current. 
Fig. 3 .13 represents the membership functions of the linguistic variables 
(Voltage and Current). The value of the membership function of the voltage (Vl) 
which correspond to Al (low) and A2 (medium) to the degree of 0.60 and 0.35 
respectively. Similar approach is undertaken to find out the value of the membership 
function of the current which is 0.40 for Bl (when current is low) and 0.15 for B2 
(when current is high) 
The second step is the rule evaluation step. In this step, the fuzzified outputs 
are applied to the antecedents of the fuzzy rules and using fuzzy operators (such as 
AND, or OR), the antecedents are evaluated. A single number represents the output 
of this process. For example, in case of the rule 1, for the voltage (Vl), and for the 
current (11 ), the fuzzy expert system operates the union rule and evaluate rule 1 as 
shown in the following. 
µ AnB (z) = max[µ A (x ),µB (x )] = max[0,0.40 J = 0.40 
The graphical expression of the evaluation process of rule 1 is shown in Fig. 
3.14. 
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Figure 3.14. Rule 1 evaluation. 
Similarly, for rule 2, fuzzy expert -system can evaluate the value which is 
shown in the following: 
µAnB(z) = min(µA (x),µs{x)] = min[0.60,0.15]= 0.15 
The graphical expression of the rule 2 evaluation process is shown in Fig. 
3.15. 
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Figure 3.15. Rule 2 evaluation. 
For the case of rule 3, µAns{t)= max(µAx),µ 8 (x)]= max[0.60,0.40]= 0.60 
The graphical expression of the rule ~valuation process is shown in Fig. 3 .16 
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Figure 3.16. Rule 3 evaluation. 
C3 
Loss 
The third stage known as the aggregation of the rule output which combines 
all output number obtained from the rule· evaluation stage. Fig. 3 .17 shows the 
aggregation process. 
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Figure 3.17. Rule aggregation process. 
Rule aggregation 
(Loss (P) is Low (Cl)+ 
Loss (P) is High (C3)+ 
Loss (P) is Medium (C2) ) 
The fourth stage is known as defuzzificaton process. The most popular 
method for defuzzification process is the centroid technique which is used to find a 
point that represents the centre of the gravity. Mathematical expression of the centre 
of gravity (COG) is shown as follows: 
b 
f µA (x)xd.x 
COG= =ab ___ _ (3.17) 
fµ)x)d.x 
a 
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However, in practical case, the simplified formula is used which is derived 
from Eq. (3.17) and shown as follows: 
(3.18) 
x=a 
The COG of the example fuzzy inference system is calculated using the Eq. 
(3.18) which is as follows: 
COG= (O+ 10+ 20 +30).4 + (40+50 + 60).6+ (70+ 80+90+ 100).15 
. (.4+.4+.4+ .6 +.6 +.6 +.15 +.15 +.15 +.15) 
= 
165 
= 48.83 
3.6 
The result obtained from the defuzzification process demonstrates that, for a 
given crips input of voltage and current, the loss oftransimission line is 48.83%. The 
graphical representation is shown as follows; 
0.8 
.9' C2 
~ ~ § 0.6 
,.c ..... 
e <o 0.4 ~cE 0.2 
0 
Loss 
Crisp Output (48.83) 
Figure 3.18. Defuzzification process. 
3.3.2 Sugeno-style lnf erence Systems 
The basic structure of the Sugeno-style inference system is similar to the 
Mumdani type inference system expect the evaluation of the membership function of 
the rule consequent part. In Sugeo-style, the membership function of the rule 
consequence is a function of the input parameters. The format of the Sugeno-type 
fuzzy rule is shown as below: 
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IFxisA 
AND yis B 
THEN z is f (x, y) 
where x, y, and z are the linguistic variables; A and B are the fuzzy sets on universe 
of discourses of X and Y respectively, and f(x, y) is a mathematical function. The 
Sugeno-style inference system is demonstrated by using the above example 
presented in section 3 .2.1. In this case, let us consider the zero order Sugeno-style 
fuzzy inference system, where the output of the rule consequence is a constant which 
is shown as follows: 
IFxisA 
AND yis B 
THENzis k, 
where k is a constant. 
Let us consider the same example that is used to demonstrate the Mamdani-
style fuzzy inference system. Like the Mamdani style fuzzy system, Sugeno style 
employes four steps. In the firs step which is fuzzification process, works in a way 
similar to Mamdani-style inference system, which is shown in Fig. 3 .13. 
The s~cond step is the rule evaluation stage. In rule evaluation stage, a single 
number is generated as a consequent of the evaluation of each rule. Unlike 
Mamdani-style fuzzy inference system, Sugeno-type fuzzy inference system uses a 
mathematical function instead of fuzzy set. The rule evaluation process is shown as 
follows: 
For rule 1: 
µAt"lB(z)= max[uAx),µB(x)]= max[0,0.40]= 0.40 
The graphical expression of the evaluation of rule 1 is shown in Fig. 3 .19. 
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Figure 3.19. Rule 1 evaluation. 
Foriule 2: 
µA,..,Az )= minfµ Ax),µa{x)]= min[0.60,0.15]= 0.15 
The graphical expression of the rule evaluation process is shown in Fig. 3.20 
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Figure 3.20. Rule 2 evaluation. 
For rule 3: 
µAnn (z) = maxfµ A (x ),µn (x )] = max[0.60,0.40] = 0.60 
The graphical expression of the rule evaluation process is shown in Fig. 3 .11. 
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Figure 3.21. Rule 3 evaluation. 
The third stage is known as the aggregation of the rule output which 
combines all the output number obtained from the rule evaluation. Fig. 3.22 _shows 
the aggregation process. 
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Rule aggregation 
(Loss (P) is Low (Cl)+ 
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The fourth stage is know as the defuzzification process. In this stage, the 
weighted average (WA) of these singletons are calculated by using the following 
equation: 
WA = µ(kl)kl + µ(k2 )k2 + µ(k3 )k3 
(µ(kl)+ µ(k2)+ µ(k3)) 
The value of the weighted average is calculated as follows: 
WA= 0.4x0.35+0.6x0.6+0.15x0.83 = 0.14+0.36+0.1245 = 543 (0.4+0.6+0.15) 1.15 
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The result obtained from the defuzzification process demonstrates that, for a 
given crips input of voltage and current, the loss of transimission line is 54.3. The 
graphical representation is shown as follows; 
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Figure 3.23. Defuzzification process. 
The difference between these two types of fuzzy inference systems lies 
within the way they each determine outputs. The obvious advantage of Mamdani-
style inference system is its ability to capture expert knowledg~ in fuzzy rule .. 
However, it requires substantial computational time. Sugeno-style, on the other hand, 
is able to overcome this drawback by using a single spike in det~rmining the 
membership function of the rule consequent part. A single spike is fuzzy singleton 
which is a fuzzy set with a membership function that is unity at a single particular 
point on the universe of discourse and zero in all other points. Moreover, the 
Sugeno-style inference system performs well in the field of optimization and 
adaptive techniques which is used widely in control, and the nonlinear dynamic 
system. 
3.3.3 Membership function of fuzzy inference systems 
The membership function of a fuzzy set is defined as the degree to which an 
element belongs to the entire set [4]. Mathematical representation of the membership 
function is shown in Eq. (3.21) 
(3.21) 
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µA (x) = 1, for x is fully in set A 
µA (x) = 0, for x is not in set A 
O<µA(x) < 1, for x is partly in set A 
Eq. (3 .17) represents the membership of element x to set A. This is referred 
to as the degree of membership or membership value of element x in set A. The 
membership function itself can be an arbitrary curve whose shape we can define as a 
function that suits from the point of view of simplicity, convenience, speed, and 
efficiency. The popular membership function are discussed below [33]: 
• Piecewise Linear functions 
• Gaussian Distribution functions 
• The Sigmoid Curve 
• Quadratic and Polynomial Curves 
A. Piecewise Linear functions 
The piecewise linear functions are considered the simplest membership functions as 
they are formed using straight lines. The Triangular and Trapezoiqal membership 
functions are the example of the piecewise linear function which is shown in Fig. 
3.24. Their advantage is obtained through their simplicity. 
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Figure 3.24. Triangular and Trapezoidal membership function. 
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B. Gaussian Distribution functions 
The Gaussian distribution function includes two set of functions which are 
the simple Gaussian curve, the two-sided composite of two different Gaussian 
curves and the Generalised bell curve as shown in Fig. 3 .25. These functions are 
popular methods for specifying fuzzy sets due to their smoothness and concise 
notation. However, the Generalised bell function is more popular than the Gaussian 
functions because of its ability to approach a non-fuzzy set if the free parameter is 
tuned. Although being unable to specify asymmetric membership functions, their 
advantage is obtained through their smoothness. 
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Figure 3.25. Simple Gaussian curve and generalized Bell membership function. 
C. Sigmoid Curve: 
Unlike the Gaussian and generalized bell functions, the Sigmoid curve, a sigmoidal 
membership function, has the ability to synthesis asymmetric and closed 
membership functions. In addition to the basic sigmoidal function, there is also a 
membership function that represents the difference between two sigmoidal functions 
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and also-a membership function representing the product of two sigmoidal functions. 
These functions are shown in Fig. 3.26. 
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Figure 3.26. Simple Sigmoid membership function, difference·between two sigmoidal 
functions and product of two sigmoid membership functions. 
I). Quadratic and Polynomial curves: 
Three membership functions based on polynomials are the z, S and Pi curves. 
The membership function Z represents an asymmetrical polynomial curve which is 
open to the left. Function S is a mirror-image of the Z function which opens to the 
right. The Pi model however, is closed at both the left and right with a rise over the 
middle. The polynomial functions described here are shown in Fig. 3 .27. 
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Figure 3.27. Quadratic and Polynomial curves ( Z-shaped membership function, S-shaped 
membership function, pi-shaped membership function). 
3.4 Adaptive Neuro-Fuzzy Inference Systems 
ANFIS is a class of adaptive multi-layer feed-forward networks that is 
functionally equivalent to a fuzzy inference system. Such systems can be employed 
for situations where a collection of input/output data is presented to be modeled [32]. 
In such a case, the relationship between the input-output data sets may be non-linear 
and thus predetermining the model structure and shape of the membership functions 
could prove difficult and become quite a complex procedure. Rather than choosing 
the parameters associated with the models membership functions arbitrarily, the 
adaptive-neuro learning techniques incorporated by ANFIS are able to choose these 
parameters so as to reshape the membership functions according to the input/output 
data in order to extract the non-linear relationship that may exist between them. 
The adaptive-neuro learning techniques work similar to that of adaptive 
neural networks as discussed previously, providing a method for the fuzzy modeling 
procedure to learn information about the data set it is trying to model [4]. This 
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concept of adaptive-neuro learning is quite simple and is incorporated to compute 
the membership function parameters that allow the associated fuzzy inference 
system to track the given input/output data. 
ANFIS works by constructing a fuzzy inference system from a given input-
output data set. The parameters associated with the membership functions of the 
constructed fuzzy inference system are adjusted or tuned throughout the training 
process using either a backpropagation algorithm, or a hybrid combination of both 
backpropagation and the least squares method. These methods allow the fuzzy 
inference system to learn from the input-output data set that it is trying to model. 
Layer 1 Layer 2 Layer 3 Layer4 Layer 5 Layer 6 
Figure 3.28. Typical ANFIS architecture [3]. 
Architecture of a typical ANFIS is shown in Fig. 3.28 [3]. The 
interconnected network consists of the following layers [32]: 
Layer 1. This layer is known as the input layer. At this layer, the inputs X1 and x2 
are applied and are passed without being processed to a number of neurons in Layer 
2. 
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Layer 2. This layer is called the fuzzification layer. At this Layer, neurons perform 
fuzzification in the incoming inputs x1 and x2• The output of this layer is as follows: 
YAi =µAl 
Yni =µn, 
(3.22) 
Layer 3. This layer is known as the rule layer. At this layer each neuron evaluates a 
single Sugeno-type fuzzy rule. The rule neurons calculate the firing strength by 
determining the product of the incoming signals as shown below. 
Ym =TI X1; 
j=I 
From Fig. 3.13, the output of the 151 neuron in layer 3 is given below: 
where µAl represents the firing strength of Rule 1. 
(3.23) 
(3.24) 
Layer 4. This layer is called the normalization layer. The neurons of this layer 
receive inputs from all neurons of Layer 3. Here the normalized firing strength is 
calculated as the ratio of the firing· strength of a given rule to the sum of firing 
strengths of all rules as shown below. 
µ -
Y - I -µ Nii __ n ___ i (3.25) 
"Lµj 
j=I 
Here the output represents the contribution of a particular rule to the final result. 
Layer 5. This layer is known as the defuzzification layer. Each neuron in this layer 
has the inputs of both the original input signals x1 and x2 and the output from Layer 
4. At this layer each neuron calculates the weighted consequent value of a particular 
rule as shown below : 
where µi - is the input of defuzzification neuron i in Layer 5; 
Y; - is the output of defuzzification neuron i in Layer 5; 
k;o , k,1, and k;z are a set of consequent parameters of rule i. 
(3.26) 
These consequent parameters are learnt by the ANFIS during the training 
process and used to tune the membership functions. 
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Layer 6. This layer is known as the summation neuron layer. This layer consists of 
one neuron that adds together the outputs from Layer 5. The total sum of these 
inputs is the ANFIS output, y ANFIS, shown below. 
n 
YANFIS =LY, 
i=l 
(3.27) 
In ANFIS, for each iteration of the training algorithm, there is a forward pass 
and a backward pass [4]. In a forward pass, the inputs are applied to the ANFIS. 
Neuron outputs are calculated layer-by-layer and rule consequent parameters defined. 
Once the forward pass has been completed and the error is determined the second 
part of the iteration is implemented. Here the back-propagation algorithm is applied. 
The error is propagated back through the network. The ante_cedent parameters are 
updated according to the chain rule [ 4]. 
Using membership parameters and a training set of Z input-output data pairs, 
we are able to construct Z linear equations in terms of the consequent parameters as 
shown in Eq. (3.24). 
YA1)= µ1(1)1i (1)+ µ2 (1)12 (1)+ ... + µn (1)1,. (1) 
YA2)= µ1(2)J;(2)+ µ2(2)J2(2)+ ... + µn(2)J,.(2) 
where yd is a Z x I desired output vector. 
(3.28) 
as J;(i)=k10 +k11x1(i)+k12x2{i)+k13 x3(i)···+k1mxm(i), substituting the value of 
J;(i) into Eq. (3.28), 
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YAI) =µI (lXk10 + k11X1 (1)+ k12X2 (1)+ k13X3 (1)· • • + k1mXm (1)) 
+ µ2 (1Xk20 +k21x1 (l)+k22x2 (l)+k23x3(1). · ·+k2mxJ1))+ ... 
+ µn(lXknO +kn1X1 (l)+kn2X2 (l)+kn3X3 (1)·· ·+knmxJl)) 
Yd(2)= µ1 (2Xk10 +k11X1 (2)+k12X2 (2)+ k13x3 (2). · ·+k1mxm (2)) 
+ µ2 (2)(k20 +k21X1 (2)+k22X2 (2)+k23x3(2}··+k2mxm(2))+ ... 
+ µn (2Xkn0 + kn1X1 (2)+kn2X2 (2)+kn3x3(2). ··+knmxm(2)) (3.29) 
YAZ)= µ1(ZXk10 +k11x1(Z)+k12x2(Z)+k13x3(Z}··+k1mxm (z)) 
+ µ2 (zXk20 +k21x1 (z)+k22 x2(z)+k23x3(Z}··+k2mxJz))+ ... 
+ µn (z )(kno + kn1X1 (z )+ kn2x2 (z )+ kn3x3 (z )· · · + knxm (z )) 
where m is the number of input variables, n is the number of neurons in Layer 3, 
In matrix form, we can write: 
where 
yd(l) 
yd(2) 
yd= ,and 
µ, µ,(l)Xi(l) 
A= µ, 
µ,(2)x1(2) 
µ, µ,'(Z)x1 (Z) 
n ::::o 
m::::o 
(3.30) 
µ,(l)xm(l) µn(l) µn(l)xl(l) µn(l)xm(l) 
µ,(2)xm(2) µn(2) µn(2)x1(2) µn(2)xm(2) 
µ,(Z)xm(Z) µn(Z) µn(Z)x1(Z) µn(Z)xm(Z) 
where k is n(l + m) x 1 vector of unknown consequent parameters as shown in Eq. 
(3.30). 
k = [knmr =[!Go ku k12 · · · k1m k20 's.1 k22 · · · Ism • · · kno kn1 kn2 · · · knmr 
The actual network output, YANFis, is determined once the rule consequent 
parameters have been established. The actual network output is then compared with 
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the desired output, y, which defines the error vector between these two outputs as 
showninEq. (3.31) 
(3 .31) 
Once the forward pass has been completed and the error determined the 
second part of the epoch is implemented, the backward pass. Here the back 
propagation algorithm is applied. The error determined from Equation above is 
propagated back through the network. The antecedent parameters are updated 
according to the chain rule [ 4]. This process continues depending on how many 
epochs are specified for training. 
To determine how well the fuzzy inference system has learnt during the 
training process it is important to validate the model. Here model validation is 
defined as the process by which the input vectors from the input-output data sets, on 
which the fuzzy inference system was not trained, are presented to the trained fuzzy 
inference system model with the model outputs compared to the output values which 
are expected [33). The data set here is known as a Test Data Set. Another type of 
data set used for model validation is referred to as a Checking Data Set. This data 
set is used for testing the generalization capability of the fuzzy inference system at 
each epoch in order to control the potential for the model over fitting the data. When 
both checking data and training data are presented to the fuzzy inference system the 
model is selected to have parameters associated with the minimum checking data 
model error. 
Let us consider an arc furnace model using the ANFIS model. The input of 
the model is the voltage and the current of the arc furnace and the output is the real 
power as shown in Fig. 3 .29. 
V(t) 
P(t) 
I(t) 
Figure 3.29. ANFIS model. 
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Figure 3.30. ANFIS output. 
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The power response of the arc furnace is obtained using ANFIS model based 
on the arc voltage and the arc current. In Fig. 3.30, the bold line represents the 
predicted power, the thin line represents the actual power consumption from the arc 
furnace, and the dotted bold line at the bottom of the graph represents the difference 
between the actual power and the predicted power. The accuracy of the model has 
improved dramatically and the MSE (mean square error) is about 0.35 MW. 
3.4 Conclusion 
This chapter provided an overview of computational intelligence as a major 
tool for modelling the arc furnace. Artificial neural networks, fuzzy inference 
systems and adaptive neuro fuzzy inference systems were investigated. Arc furnace 
models were developed using these different techniques. It was demonstrated that 
the arc power consumption changed randomly due to random change of the voltage 
and current. The MLP and ANFIS models were used to extract the non-linear and 
time-varying patterns of the arc power due to the variation of the arc voltage and 
current. The models were tested with actual power consumption data. It was 
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demonstrated that the accuracy of the MLP and ANFIS models was satisfactory. In 
the next chapter, these models will be used intensively for case studies and analysis. 
Short term-behaviour prediction models for the arc voltage and power response will 
be developed, and results will be presented and analysed. 
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Chapter 4: Model Implementation, Results, Case Study 
Analysis and Discussion 
4.1 Introduction 
The main objective of this chapter is to examine the implementation of 
different arc furnace models to obtain the arc furnace response and evaluate the 
performance of the presented models. In previous chapters, different modelling 
techniques including conventional and black-box modelling were discussed. In 
Chapter 1, arc furnaces were considered as a load and were modelled using load 
modelling techniques. In Chapter 2, arc furnaces were modelled using conventional 
mathematical methods. In Chapter 3, arc furnaces are modelled using a~ficial 
intelligence techniques. In this chapter, the instantaneous response of the arc 
voltage and arc current are investigated using conventional methods. Using load 
modelling approaches and artificial intelligence techniques, random patterns of the 
arc voltage - power (real and reactive) relationships are investigated. In addition to 
that, techniques for predicting arc furnace parameters such as the arc voltage are 
developed using artificial intelligence techniques. Let us consider first a simple case, 
where the arc voltage and current response are achieved using conventional 
modelling approaches. In order to do that, a prototype metallurgical plant is 
developed, which is discussed in the following section. 
4.2 A simple metallurgical plant 
The key elements of a metallurgical plant are the voltage source Vs(t), power 
cables (Ls and LF); transforms (TI and T2}, power factor correction capacitors (CJ, 
the arc furnace load as shown in Fig. 4.1. 
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Ls 
PCC 
c 
'-=--"" 
Arc furnace 
Figure 4.1. Prototype metallurgical plant. 
For convenience of our analysis, the system is assumed to be a single phase 
balance load represented in Fig. 4.2. 
Zs=R8+jX8 jXn AF jXT2 
t Arc 
.,..., i ,..JXc VAFfi furnace 
:3: i 
B 
Figure 4.2. Single line diagram of a metallurgical plant. 
In Fig. 4.2, the power cables (Ls and LF) are modelled using the complex 
combination of the resistance (R) and reactance (X). The power factor correction 
capacitor is modelled using capacitive reactance (Xc). It is assumed that, IA(tJ is the 
current passing through the arc furnace, Ic(t) is the current passing through the 
power factor correction capacitor, J(t) is the current from the supply system, and 
VAF(t) is the voltage of the arc furnace. Now the system can be described by the 
following equations: 
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Kirchhoffs Law applied to the plant shown in Fig. 4.2, 
V8 (t) = R8 I(t )+(Ls+ Ln) dl(t) +RAFI A (t )+ (LT2 + LAF) d!A (t) + VAF(t) (4.1) dt dt 
The system shown in Fig. 4.2 can be simplified further using Thevenin 
theorem in points A and B. The expressions for the thevenin voltage and equivalent 
resistance are obtained as follows: 
z = jXc(Zs + jXn) =R + X 
EQ ( X + Z + X ) EQ } EQ } C S } TI 
(4.2) 
V = jXc V ft) 
TH ( X +Z ) s\: J c s 
(4.3) 
Considering that XAF = XF + XT2, RAF = Rp, and ZAF = RAF +jXAF, the system 
becomes as shown in Fig. 4.3. 
Figure 4.3. Equivalent Thevenin's circuit. 
Applying Kirchhoffs Law to Fig. 4.3, we obtain: 
{ \ { )di Jt) 
vw(t) = \REQ + RFY A (t)+ \LEQ + LFJ-!-+ vAF(t) (4.4) 
A simulation study is conducted on the test system shown in Fig. 4.3 using 
MATLAB. A sinusoidal voltage is applied as an input. The network parameters are 
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assumed the same as in [34], that is the power rating of the arc furnace is 70 MV A, 
the tap setting for the arc furnace transformer is 33/.651 kV, and the system 
frequency is 60 Hz. The parameters of the equivalent circuit are given in Table 4.1 
[34]: 
Table 4.1: Equivalent Thevenin's circuit parameter 
Vm (VJ ZEg(mn) ZAF(mn) 
566 0.0528+j0.468 0.3366+j3.22 
The arc voltage and current responses for different models are discussed 
below. 
Model 1. The arc furnace voltage and current response of Model 1 can be obtained 
by substituting the value of the arc voltage from Eq. (2.1) into Eq. (4.4) as shown 
below: 
(2.1); 
(4.4) 
Substituting the value of arc voltage ( v) from (2.1) to arc voltage (v AF (t)) in 
Eq. (4.4): 
( REQ +RF} Av)+ (rEQ + LF) dl~tv) +I Av)R1; o::; I Av)::; iig 
( R EQ + RF} )t) + ( L EQ + L F rl~t (t) + I )t )R2 + ~ll - :2 ); iig < I )t) ::; i ex 
1 
The response of the arc voltage and the arc current is presented in Fig. 4.4. 
The parameters ofModel 1 are shown in the following [24]: 
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R1=50m Q; 
R1= -0.76 m Q; 
iig= iex = 7.02 k A. 
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Figure 4.4. Response of arc voltage and arc current of Model 1. 
In Fig. 4.4, line OA represents the arc voltage that increases linearly from 
zero to the arc ignition voltage (v;g). This period is known as pre-ignition stage and 
was discussed in Section 2.2. Line AB represents the ignition stage when the arc is 
established. During ignition stage, the arc voltage decreases slowly as the value of 
the arc current increases and vise-versa because of the presence of the negative 
resistance (R2) in the arc furnace. When the arc extinguishes, the arc voltage drops 
rapidly to zero as can be seen from the position of line BC. 
Model 2. The arc furnace voltage and current response of Model 2 can be achieved 
by applying the value of arc voltage from Eq. (2.6) into Eq. ( 4.4) as shown below. 
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iR1; (i ~ii & di> 0) or (i ~ i4 & di <0) dt dt 
R2 (i-ii)+ Vi; ii < i ~ i2 & di 0 -> 
v= dt 
R3 (i -i2 )+ V2'· i3 < i ~ i2 & di 0 -< dt 
(2.6) 
R4 (i-i3 )+ V3; i4 < i ~ i3 & di 0 -< dt 
and ( } ( ~ vTH(t)== REQ+RF A(t)+ LEQ+LF ;t +VAF(t) (4.4) 
Substituting the value of arc voltage (v) from (2.6) to arc voltage {vAF(t)) in 
Eq. (4.4), we have: 
. ~EQ +l<)}J+~EQ+Ij;t;,(t) +1)1~+})0".i, & di~;t) >++})O".i4 & di~;t) <0) 
(REQ+RFfr (t)+(LEQ+LFtl)t) +JS~ (t)-iJ+Ji';; i1 <l)t)~i2 & d!)t) >0 
Vrn(t) == A dt A dt 
( \ ( \di Jt) ( ) dJ (t) ~Q+RFf )t)+ LEQ+LFJ!;+R31)t)-i2 +Vz; i3 <l)t)~i2 & ;t <0 
{ \ ( \di Jt) ( ) dJ (t) 
\REQ+RFf)t)+ LEQ+LFJ!;+R.i I)t)-i3 +~; i4 <l)t)~i3 & ;t <0 
The response of the arc voltage and the arc current is presented in Fig. 4.5. 
The parameters of Model 2 are shown in the followings [22, 24]: 
R1= Ri= 50 mQ; 
R1= -0.76 m.Q; 
R3= 3.76m.Q; 
V1= 300 V; 
V2=304 V; 
V3= 281 V. 
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Figure 4.5. Response of arc voltage and arc current of Model 2. 
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In Fig. 4.5, line OA represents the arc voltage that increases linearly from 
zero to the arc ignition voltage (v1g) as the arc current increases from zero to the arc 
ignition current (ii). Lines AB, BC and CD represent the arc voltage in the ignition 
stage that corresponds to the resistances Rz, R3 , and ~. respectively. Line DE 
represents the arc voltage at the arc extinguishing period. 
Model 3. The arc furnace voltage and current response of Model 3 can be obtained 
by applying the value of the arc voltage from Eq. (2.8) into Eq. (4.4) as shown below. 
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"R 0 < . < . & di 0 z I' _ z _ z1 > dt 
v= 
v, +(V. -V,)exp( (i zi,)). . "<.&di 0 z, <l -l2 -> 
dt (2.8) 
. "<.&di 0 l2 < l - l3 - < 
dt 
& di <0 
dt 
(4.4) 
Substituting the value of arc voltage (v) from (2.8) to arc voltage (vAF(1)) in Eq. 
(4.4), we have: 
( ~Q +RF }Av)+( LEQ + LF Jdl:t(t) +IAV)Rl' 05,1Av)~u1 & dl~V) > 0 
(REQ+RF}Av)+(LEQ+LFJdl~tv) +I+~g -~)ex{(1A~-;1l]. il <IAV)5.i2 & ~>o 
VTH(t) == 
( REQ +RF }Av)+( LEQ +LF Jdllf) +Ri1Av)-i2)+ V2, i2<1)1)::;, i3 & dl:tv) < 0 
( REQ +RF}})+( LEQ +LF Jdl~t(t) +ii), O 5, 1)t)5, i4 & dl~V) < O 
The response of the arc voltage and the arc current is presented in Fig. 4.6. 
The parameters of Model 3 are shown in the followings [23, 24]: 
R1=50m.Q; 
R3= - 0.76 m.Q; 
Vig= 350.75 V; 
V1=289.7V; 
V3=305V; 
ir= 30kA. 
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Figure 4.6. Response of arc voltage and arc current of Model 3. 
fu Fig. 4.6', line OA represents the arc voltage that increases linearly from 
zero to the arc ignition voltage (v;g) as the arc current increases from zero to a certain 
value known as the arc ignition current (i;g). The arc ignites when the arc current 
becomes greater that the arc ignition current. During the ignition period, the arc 
voltage is assumed to decrease exponentially with the time constant ir as the. arc 
current increases. This phase is represented by line AB. Line BC represents the arc 
voltage during ignition period when it increases as the arc current decreases due to 
the presence of the negative resistance. Line CD represents the arc voltage when the 
arc extinguishes. 
Model 4. The arc furnace voltage and current response of Model 4 can be achieved 
by applying the value of the arc voltage from Eq. (2.10) into Eq. 4.4: 
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(2.10) 
(4.4) 
Substituting the value of arc voltage (v) from (2.10) to arc voltage (vAF(t)) 
in Eq. (4.4), we have: 
vTH(t)=(REQ+RF} (t)+(LEQ+L t1A(t) +sign(! (t){vD+ f ~J 
A F dt A D +I (t 
A 
The response of the arc voltage and the arc current is presented in Fig. 4.7. The 
parameters of Model 4 are assumed as following [23, 24]: 
C= 1.68MW; 
D= 20.65 k A; and 
Vo=289.7V. 
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Figure 4.7. Response of arc voltage and arc current in Model 4. 
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From Fig. 4. 7 the arc voltage develops sharply as the arc current passes the 
zero crossing value. Once the arc voltage is developed, it tends to be constant and 
has very little effect with the change of the arc current. The arc voltage extinguishes 
rapidly as the arc current reaches the zero crossing point. 
Model 5. The arc furnace voltage and current response of Model 5 can be achieved 
by applying the value of arc voltage from Eq. (2.18) into Eq. (4.4) as shown below: 
(2.18) 
(4.4) 
Substituting the value of arc voltage (v(t )) from (2.6) to arc voltage (v AF (t )) 
The response of the arc voltage and the arc current is presented in Fig. 4.8. 
The parameters of Model 5 are shown in the following [24, 26]: 
Vig= 300V; 
Vo=289.7V; 
RA= 50m.Q. 
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Figure 4.8. Response of arc voltage and arc current of Model 5. 
In Fig. 4.8, line OA represents the arc voltage that increases linearly 
proportional to the arc current from zero to the arc ignition voltage (v;g). This phase 
is known as pre-ignition stage. Line AB represents the ignition stage, when the arc 
voltage remains constant. Line BC represents the extinction stage when the arc 
voltage decreases sharply. 
Model 6. The arc furnace voltage and current response of Model 6 can be achieved 
by substituting the arc voltage from Eq. (2.18) into Eq. (4.4) as shown below. 
2V0 sinmt v = ----'-----
a l - sin(2mt + Vf J 
~l+(rJ2 
(2.19) 
and (4.4) 
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Substituting the value of arc voltage (vJ from (2.6) to arc voltage (vAF(t)) 
in Eq. (4.4), we have: ( \ ( tl (t) 2V, sinwt 
vTH(t)=\REQ+RFf (t)+\LEQ+LF A + . C2 ) 
A dt 1 _ sm wt + If/ a ~l+(~J2 
where, and V0 = -;; , 
v2/ 
1 
tanlf/ =--
a 2aJ~a 
The response of the arc voltage and the arc current is presented in Fig. 4.9. 
The parameters of Model 6 are shown in the following [26]: 
Vo= 300 V and Pro= 1.8 MW. 
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Figure 4.9. Response of arc voltage and arc current of Model 6. 
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As can be seen from Fig. 4.9, the arc voltage increases to a certain value and 
decreases slowly for each half cycle. The arc current demonstrates almost sinusoidal 
behaviour. 
Model 7. The arc voltage and current response of Model 7 can be achieved by 
substituting the expression of the arc voltage from Eq. (2.20) into Eq. (4.4) as shown 
below. 
v =VD x sign(i) 
( \ ( \dIJt) 
and vTH(t)= \REQ +RFY A(t)+ \LEQ +LF~+VAF(t) 
Substituting the value of arc voltage (v(t }} from (2.20) 
(vAF(t)) in Eq. (4.4), we have: 
V "' (t) = ~EQ + .) } )+ (LEQ +L)ll ;,(t) +sign~ A (t lh 
(2.20) 
(4.4) 
to arc voltage 
The response of the arc voltage and the arc ·current is presented in Fig. 4.10. 
The parameters of Model 7 are assumed as following [26]: 
Vo=350V. 
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Figure 4.10. Response of arc voltage and arc current of Model 7. 
It can be seen from Fig. 4.10, the arc voltage develops suddenly as the arc 
current passes its zero value. The arc current shows almost sinusoidal behaviour. 
The general comparison about the arc voltage and arc current obtained from the 
different models are as follows: 
• Models 1, 2, 3, 4, 5, and 6 demonstrate that it takes time to generate 
the arc because of the presence of higher resistance in pre-ignition 
stage. 
• The arc current initially increases slowly until the arc current reaches 
some specific current as the presence of high resistance in pre-
ignition stage. 
The main advantage of the conventional models is their ability to capture the 
instantaneous wave-form of the arc voltage and arc current. As a result, these models 
work efficiently for a single cycle of operation. However, because of random nature 
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of process, it is not possible to predict the behaviour of the arc furnace, and ·thus 
conventional modelling is not quite suitable for the time series prediction of the arc 
furnace responses. A black box modelling approaches s:uch as artificial neural 
networks and neuro-fuzzy systems are used in order to simulate random nature of the 
arc furnace responses. As black box models are based on empirical relationships 
between the input and the output variables, the input-output data are collected from a 
typical metallurgical plant situated in the northern Tasmania. A brief description of 
this plant is presented in the following section: 
4.3 Description of a metallurgical plant 
A single line diagram of a metallurgical plant consists of four arc furnaces 
and few auxiliary loads such as induction motors and lightings is shown in Fig. 4.11. 
AFBus 
(Pomt B1) AFBus (Pomt Bi) 
AFTr2 
Vs(t) ~ 
) CB 
f
l Point A 
PCCBus 
HV/MV 
I) CB 22kVbus 
AFBus 
(PomtB3) 
AFTr3 
AFBus 
(PointB4) 
AFTr4 
Auxtluary 
load Bus 
(Pomt B5) 
Auxiliary 
Transformer 
Figure 4.11. A metallurgical plant with four arc furnaces and auxiliary loads. 
The plant is supplied by the 110 kV utility system. A HV/ MV transformer is 
connected to the utility system to convert voltage level from 110 kV to 22 kV. The 
22 kV bus is connected with four arc furnaces via four arc furnace transformers. The 
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auxiliary loads are connected to the 22 kV bus via auxiliary load transformer. The 
arc furnace transformer is a tap changer, where the primary side voltage is 22 KV 
and the secondary side voltage varies from 120 V to 270 V. The rating of the 
auxiliary transformer is 22 kV/3.3 kV. The load pattern of this plant is similar to the 
load pattern of the arc furnace load as four arc furnaces consume about 85% of the 
total power of the plant. The important points of the plant are identified as the PCC 
bus (point A), arc furnace buses (point Bi, point B2, point B3, point B4) and the 
auxiliary load bus (point B5). The responses of the PCC bus (point A) represent the 
characteristics of the entire pant, the arc furnace buses (points B1, B2 , B3, and B4) 
represent the characteristics of individual arc furnace, and auxiliary load bus (point 
B5) represents the combine characteristic of all auxiliary loads of the plant. In this 
section, load modelling techniques and artificial intelligence techniques are used to 
obtain power (both real and reactive) response because of the changes in bus voltage. 
4.3.1 The load response of PCC bus (Point A) 
The first step is to analyse the time series data of the bus voltage and power 
consumption and examining how the variations of the bus voltage effect the power 
consumption. The time series representation of the bus voltage and power 
consumption is shown in Fig. 4.12. 
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Figure 4.12. Time series data of a) voltage, b) real power consumption, and c) reactive 
power consumption at PCC (point A) 
Fig. 4.12 presents the one minute interval time series data at PCC bus of the 
metallurgical plant for 8000 minutes. As the pattern of the power-voltage 
relationship of the PCC bus is similar to the arc furnace, arc furnace load 
characteristics are applied to model PCC bus response. From [7], arc furnaces can be 
treated as a static load, which is modelled using the exponential load model 
discussed in Section 1.3.5. In contrast, from [36] arc furnaces can also be treated as a 
random load. 
In this chapter, the arc furnace behaviour will be examined by using both 
static load model and artificial intelligence techniques. The first step is to apply the 
values real and reactive power dependency parameters ( np and nq ) discussed in 
Section 1.3.5. Applying the values of np and nq as 2.3 and 1.6 in Eq. (1.9) and 
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(LlO), respectively, the values of the real and the reactive power consumption is 
calculated and presented in Fig. 4.13 and Fig. 4.14, respectively. 
a) Vohage at PCC 
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Figure 4.13. Time series data ofa) voltage, b) real power consumption, 
at PCC (point A). 
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Figure 4.14. Time series data of a) voltage, b) reactive power consumption, 
at PCC (point A) 
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The performance of the load modelling techniques are evaluated using mean 
square error (MSE). The expression of the mean square error is: 
MSE = _!_ f (y:ctua/ _ y{1redicted )2 
N i=I 
(4.5) 
The MSE of the static modelling approach for the real and the reactive power 
is 11.758 kW and 15.321 kV Ar respectively. As can be seen from Fig. 4.12 and Fig. 
4.13, the load modelling approaches cannot track the random changes of the power. 
It is obvious that this approach is unable to provide satisfactory results, and hence 
artificial intelligence techniques have to be applied to achieve the load response due 
to voltage variations. The first approach is to use a multi-layer perceptron (MLP) 
model discussed in Section 3.2.1. The voltage at PCC bus is used as the input and 
the bus power consumption is as the output of the MLP model. Out of 8000 data of 1 
minute interval, data from time of 1 minute to time of 1 OOO minutes are used as 
training, and data from time of 1001 minutes to time of 2000 minutes are used to 
validate of the model. The real and reactive power consumption from time of 4000 
minute to time of 4400 minute are shown in Fig. 4.14 and Fig. 4.15, respectively. 
11s~--~------.-----...----~20 
-. MLP output, ~ - Real plant data, ·-~--Error 
Figure 4.15. Real power consumption of PCC bus. 
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Time (Minute) 
Figure 4.16. Reactive power consumption of PCC bus 
The performance of the MLP model is measured by evaluating the MSEs 
which is 2.43 MW and 2.76 MV Ar for the real and reactive power, respectively. 
Moreover, from Fig. 4.15 and Fig. 4.16, the MLP model is able to track the random 
changes of the power consumption at PCC bus. Thus the MLP model offers 
significant improvement comparing with the load modelling approach in recognising 
the voltage-power pattern of the arc furnace. 
In the next stage, in order to improve performance of the model even further, 
Adaptive Neuro Fuzzy Inference System (ANFIS), which was discussed in Section 
3.4 is implemented to obtain the power (both real and reactive) response to voltage 
variations. In the ANFIS model, the bus voltage is considered as the input vector and 
the power (real and reactive) is considered as the output vector. In this model, out of 
8000 data from time of 1 minute to time of 8000 minutes, data from time of 1 
minutes to time of 1000 minutes are used for training and data from time of 1001 
minutes to time of 2000 minutes are used for testing. The real and reactive power 
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consumption from time of 4000 minute to time of 4400 minute are shown in Fig. 
4.17 and Fig. 4.18, respectively. 
115.-------,,-------..,-----,.------.20 
~ ANFIS output, -- Real plant data, -- • Error 
Figure 4.17. Real power consumption of PCC bus (ANFIS model). 
Tme(Mmute) 
Figure 4.18. Reactive power consumption of PCC bus (ANFIS model). 
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In order to evaluate the performance of the ANFIS model, the MSEs for the 
real and the reactive power are calculated which are 2.17 MW and 2.93 MV Ar, 
respectively. Thus, the ANFIS model offers slight improvement in recognising the 
voltage-power pattern of the arc furnace comparing with the MLP model. Moreover, 
like the MLP model, the ANFIS model is also able to track random changes of 
power as a result of voltage variation. The next step in this research is to evaluate the 
performance of the MLP and ANFIS models when the voltage disturbances occur. 
After analysing the entire time series voltage data shown in Fig. 4.12, a voltage 
disturbance is identified at time of 2703 minutes. Fig. 4.19 represents the time series 
data from time of 2500 minute to time of 3000 minutes of voltage and power 
consumption at PCC. 
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Figure 4.19. Time series data from time of2500 minutes to time o:f3000 minutes of a) 
voltage, b) real power consumption, and c) reactive power consumption at PCC. 
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The output responses of the MLP model for the real power and the reactive 
power are shown in Fig. 4.20 and Fig. 4.21, respectfully. The MSEs for the real and 
the reactive power are calculated for the data points from time of 2500 minutes to 
time of3000 minutes are 3.37 MW and 3.19 MVAr respectively. 
115~--~!----!---.-!---~!----20 
Output from MLP; - - Real data from plant; - - -- - · Error 
Figure 4.20. Real power consumption of PCC bus (MLP model). 
40~-----------------40 
Time (Minute) 
Figure 4.21. Reactive power consumption of PCC bus (MLP model). 
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A similar investigation is undertaken using the ANFIS model. Figs. 4.22 and 
4.22 show the output of the ANFIS model for real and reactive power responses, 
respectively. 
115.--------~---~---~,---~20 
Output from ANFIS; - - Real data from the plant; -------Error 
Figure 4.22. Real power consumption of PCC bus (ANFIS model). 
- - Output from ANFIS; - - Real data from the plant, -------Error 
Time (Mmute) 
Figure 4.23. Reactive power consumption of PCC bus (ANFIS model). 
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MSEs for the real and the reactive power response of the ANFIS model are 
calculated as 2.43 MW for real power and 3.32 MV Ar for reactive power. 
4.3.2 Load response of arc furnace 1 (Point BI ) 
The MLP and ANFIS models can be applied in similar manner to obtain the 
load response of the arc furnaces shown in Fig. 4.11. The first step is to investigate 
the time series patterns of the voltage and power consumption shown in Fig. 4.24 of 
arc furnace 1 (point Bl). 
a) Arc furnace (point BI) voltage 
20~~~~~~~~~~~~~~~~~~~~~~~~~~ 
0 1000 2000 3000 4000 5000 6000 7000 8000 
Time (minute) 
b) Real power consumption 
10~~~~~~~~~~~~~~~~~~~~~~~~~~ 
0 1000 2000 3000 4000 5000 6000 7000 8000 
Time (minute) 
c) Reactive power consumption 
6000 7000 8000 
Time (minute) 
Figure 4.24. Time series data of a) voltage, b) real power consumption, and c) reactive 
power consumption at arc furnace 1 (point B1). 
The MLP and ANFIS models are applied to evaluate the power response of 
arc furnace 1 due to the voltage variations. In order to do this, a test case is 
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considered which starts at time of 7000 minutes and finishes at time of 8000 minutes; 
this is where the arc voltage fluctuates most. The output of the MLP and ANFIS 
models are shown in Figs. 4.25 - 4.28. 
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Figure 4.25. Real power consumption of arc furnace 1 (MLP model). 
Figure 4.26. Reactive power consumption of arc furnace 1 (MLP model). 
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Figure 4.27. Real power consumption of arc furnace 1 (ANFIS model). 
Figure 4.28. Reactive power consumption of arc furnace 1 (ANFIS model). 
The MSEs for the real and reactive power of arc furnace 1 between time of 
7001 minutes and time of 8000 minutes are 0.61 MW and 1.65 MV Ar respectively 
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for MLP model. The ANFIS model is able to provide better result by reducing the 
MSEs for the real and reactive power are calculated as 0.39 M Watt and 1.02 M V Ar 
respectively. 
4.3.3 Load response of arc furnace 3 (Point B3) 
Similarly, The MLP and ANFIS models are applied to obtain the load 
responses of the arc furnaces 3 shown in Fig. 4.11. The first step is to investigate the 
time series pattern of the voltage and power consumption of arc furnace 3 (point B3) 
which is shown in Fig. 4.29. 
a) Voltage at arc furnace 3 
1!:~ 
0 I OOO 2000 3000 4000 5000 6000 7000 8000 
Time (Minute) 
b) Real power consumption 
~ !OOO~~~~~~~~~~~~~~~~~~~~~ 
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~ 600~~~~~~~~~~~~~~~~~~~~~ 
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Figure 4.29. Time series data of a) voltage, b) real power consumption, and c) reactive 
power consumption at arc furnace 3 (point B3). 
The response of arc furnace 3 power consumption is obtained using the MLP 
and ANFIS models. The performance of these model is obtained by considering a 
test case which starts at time of 6001 minutes and finishes at time of 7000 minutes; 
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this is where the arc voltage fluctuates most. The output of the MLP and ANFIS 
models are shown in Figs. 4.30 --4.33. 
- - - -- MLP output, - - Real plant data; Error 
Figure 4.30. Real power consumption of Arc furnace 3 (MLP model). 
16 20 
MLP output; - - Real plant data; --- ---- Error 
TIIlle (Minute) 
Figure 4.31. Reactive power consumption of Arc furnace 3 (MLP model). 
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------- ANFIS output, - - Real plant data; 
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Figure 4.32. Real power consumption of Arc furnace 3 (ANFIS model). 
-- ANFIS output; - - Real plant data; --------Error 
t 
"' -2 0 
"" 
Time (Minute) 
Figure 4.33. Reactive power consumption of arc furnace 3 (ANFIS model). 
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The MSEs for the real and the reactive power between time of 6001 minutes 
and time of 8000 minutes are 0.78 MW and 1.36 MVAr respectively for MLP model. 
In case of the ANFIS model, the MSEs are almost similar to MLP model which are 
0.89 MW and 1.52 MV Ar respectively. 
4.4 Prediction of the arc furnace response 
In this research, the ANFIS model is also used to predict the voltage of 
different point of the plant shown in Fig. 4.11 based on the historical dat,a. The goal 
of the time-series prediction is to use past values of bus voltage up until present time 
to predict the future value of arc voltage. Let us consider an ANFIS model that can 
predict the value of arc voltage of m unit time ahead using the n numbers of historic 
data. The input-output relationship of the ANFIS model is shown in the following: 
[xAF(t+m)]= /QxAAt-nm) xAF(t-2m) xAAt-lm) xAF(t)D 
where, [xAF(t+m)] is the output vector of ANFIS model; and 
[x AAt - mn) x AAt - 2n) x AAt - In) x AF (t )] are n numbers of historical data 
used as the input vector. The model is validated by conducting some case studies 
presented as follows: 
4.4.1 Prediction of the PCC bus voltage 
The prediction of the PCC bus voltage is achieved using the ANFIS model. 
Out of 8000 data of 1 minute interval, data at time of 1 minute to time of 1 OOO 
minute are used as training, and data from time of 1001 minutes to time of 2000 
minutes are used as the validation of the model. A case study is provided to evaluate 
the performance the ANFIS model that starts at time of 3500 minutes and finishes at 
time of 4500 minutes. The prediction of the future voltage of 1, 3, and 5 minutes 
ahead of time which are shown in Figs. 4.34 -4.36. 
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Figure 4.34 .. PCC bus voltage prediction (1 minute future value). 
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Figure 4.35. PCC bus voltage prediction (3 minute future value). 
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----- - Predicted voltage - ~ Real voltage at PCC ··-··-·- Error 
Figure 4.36. PCC bus voltage prediction (5 minute future value). 
The MSEs (mean square error) for voltage predictions are calculated for the 
data points at time of 3501 minutes to time at 4500 minutes are 0.09 kV, 0.17 kV, 
and 0.48 kV for the 1, 3 and 5 minute ahead of future voltage prediction of the PCC 
bus, respectively. 
4.4.2 Prediction of the bus voltage of arc furnace 1 
Similarly, the ANFIS model is implemented to predict the voltage response 
of the arc furnace 1. Similar approach is undertaken for the training and validation of 
data as in the case of the prediction of the PCC bus voltage. A case study is provided 
to evaluate the performance of the ANFIS model which starts at time of 3 500 
minutes and finishes at time of 4500 minutes. The prediction of the future voltage of 
1, 3, and 5 minutes ahead of time which are shown in Figs. 4.37 -4.39. 
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Figure 4.37. Arc furnace 1 bus voltage prediction (1 minute ahead). 
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Figure 4.38. Arc furnace 1 bus voltage prediction (3 minute ahead). 
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Figure 4.39. Arc furnace 1 bus voltage prediction (5 minute ahead). 
The MSEs for voltage predictions are calculated for the data points at time of 
3501 minutes to time at 4500 minutes are 0.034 kV, 0.069 kV, and 0.11 kV for the 
prediction of voltage for 1, 3, and 5 minute of future time ahead values, respectively. 
4.4.3 Prediction of the bus voltage of Arc furnace 3 
Similarly, the ANFIS model is implemented to predict the voltage response 
of the arc furnace 3. Similar approach is undertaken for the training and validation of 
data as in the case of the prediction of the PCC bus voltage. A case study is provided 
to evaluate the performance of the ANFIS model which starts at time of 3500 
minutes and finishes at time of 4500 minutes. The prediction of the future voltage of 
1, 3, and 5 minutes ahead of time which are shown in Figs. 4.40-4.42. 
117 
. '' ... 
Chapter'4: ·Model-Impleinentation. Results. Case Stud'y:Arralysis and Discussion . :"~ 
Predicted vohage - - Real vohage at Arc furnace 3 ·--- Error 
" ' --- -- ---f----------+-- ---i----- -----+-- --- ---: ' . 
~ "~-,~---l----,----,----:A)---~~~~- ,,! ->~ '" ___ J~ ~!\ll _____ Ll ____ L_ _ _____ _!________ --- .. ~ 
____ ,iff r ' i :r .! i 
I I 11 I 
I I 11 I 
' ' ., ' 
I I 11 I 
: : :: : 
I I 11 I 
22 - --- --- --------;-- -.- ------------;-- -- ------- ----11----------------1--------------- 0.4 
: fi, ~ J : ~~ :: l ,; i ' ~ 
· ~: !1 ~ '~i ~:!l l ~ 1 !j ,1! 1 ;! •!( I ~ <\i'!i: ~ ; , ,\ 
1"' ! ~ ... •,,,' ';. 1.1'1"'• 1, '1 a.~ ,}~J l!,+,,~ f. ~t• ·~ 1~1j la ~I~ 't °'I I - t ~I :~/J$.L1:t~' ~· 1i~·io1':'i~1~!·: .•. ~.:.~.~~~1{:\ ~i:~f;~ :~.v;i.:;;~ •, ii ~~,~{:.:~. e~~~;.t;"'J,"~~~~1.:~ti.41li.1:~;~1~ 
21.S J;,,\ltl•l'fl1 i}i ti?l.•• • .rx tt£· • .~ r \..;\ 1• 1,,1"'-r1~J1 _ • ., -'(,.-\\{tJY't'.~; ...... ~ O 
3501 3700 3900 4100 4300 4500 
Time (Mmute) 
Figure 4.40. Arc furnace 3 bus voltage prediction (1 minute ahead). 
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Figure 4.41. Arc furnace 3 bus voltage prediction (3 minute ahead). 
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Figure 4.42. Arc furnace 3 bus voltage prediction (5 minute ahead). 
The MSEs for voltage predictions are evaluated for the data points at time of 
3501 minutes to time at 4500 minutes are 0.043 kV, 0.051 kV, and 0.32 kV for the 
prediction of voltage for 1, 3, and 5 minute of future time ahead values, respectively. 
4.5 Conclusion 
In this chapter, different arc furnace models were used in case studies based 
on data collected at the metallurgical plant in Tasmania. Conventional models were 
used to demonstrate and analyse the instantaneous wave form of the arc current and 
the arc voltage. It was demonstrated that these models were useful in analysing the 
arc furnace responses of one cycle. However, they fail to provide satisfactory results 
in handling the random and time-varying nature of arc furnace. Load modelling 
techniques and artificial intelligence techniques are applied to obtain the random 
pattern of the arc furnace power-voltage relationship. It was demonstrated that load 
modelling techniques are unable to capture the random nature of the voltage-power 
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relationship of the arc furnace. On the other hand, artificial intelligence techniques 
such as the MLP model and the ANFIS model were successful to obtain the random 
and time-varying pattern of the arc furnace responses. The performances of these 
models were evaluated by measuring the mean square error (MSE) of the MLP and 
the ANFIS model for different case studies. It was demonstrated that the MSEs for 
the MLP and ANFIS model are significantly low comparing with the load modelling 
techniques in the case of recognising the voltage-power patterns of the arc furnace. 
Moreover, ANFIS models are used to predict the voltage in different points of the 
plant. It was shown in this chapter that, the ANFIS model is very efficient in 
prediction as mean squire errors of those models are significantly low. 
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The representation of random and time-varying loads such as industrial arc 
furnaces, rolling mills and so on remains an area of great uncertainty for industrial 
plant operators and planners. Accurate modelling of such loads plays an important 
role in efficient operation and control of industrial plants. The main focus of this 
thesis was the development of an accurate representation of random and time-
varying behaviour of arc furnaces. 
In this thesis, different modelling techniques such as conventional and black 
box approaches have been discussed and their application to represent the arc 
furnace behaviour has been investigated. Using conventional modelling approaches 
discussed in Chapter 2, the arc voltage and current wave forms were obtained based 
on the voltage-current characteristic of arc furnaces. These models were proved to be 
efficient for a single cycle of operation. However, they cannot provide satisfactory 
results for long term responses as these models are unable to handle random and 
time-varying patterns of the arc furnace. 
Load modelling techniques were outlined to represent the arc furnace 
behaviour. In this thesis, firstly, the arc furnace was considered as a 'load' and load 
modelling techniques were applied to model the arc furnace behaviour. Several case 
studies were performed to obtain load response of arc furnace due to the change in 
bus voltage. However, it was demonstrated that, load modelling approaches failed to 
capture random and time-varying patterns of power consumption (both real and 
reactive) of the arc furnace as a result of random variation in bus voltage. 
Finally, artificial intelligence approaches such as artificial neural network 
and fuzzy inference system were used in the proposed arc furnace model. Multi-
layer perceptron (MLP) and adaptive neuro-fuzzy inference system (ANFIS) were 
used to obtain random and time-varying pattern of the power (both real and reactive) 
consumption of the arc furnace. The outputs of the models were compared with the 
industrial data which demonstrated that the models were able to provide satisfactory 
results. Moreover, using ANFIS model, the bus voltage of differ-ent points of the 
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plant was predicted with the accuracy of more than 99%. This prediction model was 
proved to be efficient as the prediction error is significantly low. 
The proposed models can be used in various process industries that involve 
arc furnaces applications. Firstly, using these models, a new energy management 
system based on artificial intelligence techniques can be to develop. As a result, 
industrial plants would be able to improve their energy consumption and maximise 
the production. 
Secondly, an intelligent control system based on artificial intelligence 
techniques to control the movement of arc electrode can be developed using the 
models proposed in this thesis. As the arc electrode length plays an important role in 
metal and slag production, an intelligent arc electrode controller can assure the 
proper positioning of the arc electrode that would optimise the production of metal 
and slag. 
Finally, the proposed model can be used for the protection of the plant from 
external disturbances such as large voltage deviations. Using the proposed voltage 
prediction model, it would be possible to detect major voltage disturbances ahead of 
time that may have an adverse effect on the plant and its machinery. 
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